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ABSTRACT 
 
Maize (Zea mays L. ssp. mays) is a critically important food, fiber, and fuel crop that 
also serves as a model genetic organism. Although sequence variation is most commonly 
associated with single nucleotide polymorphisms, it is estimated that a greater portion of 
the genome is affected by structural variation (SV). This is a broad phenomenon that 
includes copy number variation (CNV), inversions, and translocations that affect an 
intermediate-scale of genomic sequence. Structural variation has the potential to influence 
phenotype and play a role in heterosis. My research objective is to identify regions of 
structural variation in the genomes of eight ex-PVP and two Dow AgroSciences proprietary 
maize inbreds, and specifically characterize variation occurring in genes associated with 
abiotic/biotic stress tolerance.  
To facilitate SV discovery those read sequences not aligning to B73 reference 
genome were first assembled and then bioinformatically characterized. This resulted in the 
discovery of 37 putative novel resistance genes (R-genes) not found in the B73 genome. 
The mapped reads were investigated and used to discover genic CNVs from read depth 
alignment to the B73 reference genome. These results indicate high levels of variation in 
defense-related genes that could impact the ability of a particular genotype to respond to a 
pathogen. Further, these CNV calls were validated with additional datasets including a high 
quality PH207 (also one of the eight ex-PVP inbreds in this study) de novo assembly. 
Visualization of these variable regions provided clear evidence that the criteria used for 
determination of CNV calls was accurate. The discovery of putative dispensable genes 
herein sets the stage for future investigation on their impact on phenotype and utility in 
breeding for stress resistance. 
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INTRODUCTION AND LITERATURE REVIEW 
 
 
Maize (Zea mays L. ssp. mays) is a critically important food, fiber, and fuel crop that also 
serves as a model genetic organism. Corn breeders have continuously exploited the 
extensive inherent genetic diversity in the maize genome to increase genetic gain. This 
improvement has been manifested through increased grain yield and other agronomically 
important traits (Duvick, 2005; Edgerton, 2007; Moose and Mumm 2004). The completion 
of the B73 maize reference genome has enabled researchers to explore the depth of 
sequence variation and leverage these findings to understand the genetic basis behind 
phenotypic traits of interest. Genomics has enabled us to appreciate the complexity and 
dynamic nature of the maize genome in which variance and mutation are common. For 
example, the frequency of polymorphisms among maize inbreds is higher than the 
frequency of variation between chimps and humans (Buckler, et al., 2006). Such variation 
has been attributed to SNPs, Indels, structural variation, transposons, epigenetics, and 
other mechanisms that are capable of influencing the genomic landscape (Gore et al., 2009; 
Chia et al., 2012; Springer et al., 2009; Morgante et al., 2007; Baucom et al., 2009; Eichten et 
al., 2011). 
As a result of the increased genotyping capabilities ushered in with the –omics era the 
concept of plant pan-genomes made up of separate core and dispensable portions has 
arisen (Morgante et al., 2007). Comparative genomic studies of maize and other model 
species have revealed extensive structural diversity between haplotypes in both non-
coding and coding regions (Gan et al., 2011; Cao et al., 2011; Lai et al., 2010; Hansey et al., 
2012). Together these findings suggest that a reference genome represents a unique 
composite of genes specific to that particular genotype and does not fully reflect genomic 
architecture across the species.  Although this interspecific variation is classified as the 
dispensable portion of genomes, it does not imply inconsequentiality. In truth, differences 
in the dispensable portion of the maize genome may contribute to the heterosis 
phenomenon and account for the quantitative variation in important traits such as disease 
resistance.  
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Structural variation and significance 
 
Although sequence variation is most commonly associated with single nucleotide 
polymorphisms (SNPs) it has been estimated that on average a greater proportion of the 
genome is affected by structural variation (Zhang et al., 2009). In simplest terms structural 
variation (SV) refers DNA sequence insertions, deletions, inversions, as well as other types 
of genomic rearrangements that affect a region of DNA greater than 50 base pairs. Copy 
number variation (CNV) is a form of unbalanced SV that describes the gain or loss of a 
genomic segment as compared to the reference. Presence/absence variation (PAV) is 
simply an extreme form of CNV that refers to the complete absence of a region that is 
present in another individual genome.  
SVs have the potential to affect the phenotype across a diverse range of species. In the 
case of the human genome, SVs have been implicated in various diseases such as Autism 
spectrum disorder, schizophrenia, Parkinson’s, and Alzheimer’s (Pinto et al., 2010; Millar, 
J.K. et al., 2005; Singleton, A.B. et al., 2003; Rovelet-Lecrux, A. et al., 2006). Beyond the 
human genome, SV may have important phenotypic consequences in plants such as: grain 
width and weight in rice (Oryza sativa) (Weng et al. 2008), soybean cyst nematode 
resistance in Soybean (Glycine max)(Cook et al., 2012), winter hardiness in barley 
(Hordeum vulgare) (Knox et al., 2010), and Aluminum tolerance in maize (Maron et al., 
2013) to name a few.   
Scientists have been studying large-scale chromosomal aberrations by phenotype since 
the time of McClintock and Rhodes, however it wasn’t until the advent of genomic 
technologies that researchers could begin to explore structural variation in a global and 
comprehensive manner. A specific application of microarrays called array comparative 
genomic hybridization (aCGH) has enabled researchers to screen large numbers of samples 
at a reasonable cost and to detect both CNV and PAV. The basic process behind aCGH 
begins with the construction of a solid glass substrate to which short DNA oligonucleotides 
from a reference sample are affixed. Next a labeled sample containing genomic DNA is 
washed over the substrate and allowed to hybridize with the probes on the array. A 
hybridization ratio between the sample and the reference is normalized and converted to a 
logarithmic scale so that differences in copy number can be examined.  
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This technology was utilized in maize using a B73 aCGH array to discover 180 putative 
genes that exhibited genic copy number differences between B73 and Mo17 (Springer et al., 
2009). Soon thereafter a 2.6 Mb portion of chromosome 6 encompassing 31 genes from the 
filtered maize gene set that appeared to be either present or absent amongst 22 maize 
inbred lines was identified (Swanson-Wagner et al., 2010). Subsequent aCGH studies 
further assayed SV in diverse sets of maize germplasm including the ancient progenitor, 
teosinte (Zea mays ssp. parviglumis) and concluded that SV is capable of affecting a large 
amount of genic regions spread across all ten chromosomes (Beló et al., 2010). Moreover, 
theses studies indicate that such variation is likely a contributing factor in the phenotypic 
variation seen amongst inbreds.  
A wealth of knowledge has been gained through the utilization of aCGH microarrays; 
however, as with any technology, there are certain caveats and limitations that need to be 
considered. In the case of microarray-based approaches to SV detection, a main limitation 
is the inherent ascertainment bias. Highly polymorphic regions and novel genes that are 
not represented by the B73 reference genome are not detected because the probes are 
based on the reference. For the same reason, there is an introduced bias for DownCNV/PAV 
detection since there is no way to assess the variation for sequences that are not included 
in B73. Additional constraints in microarray-based analyses include the reduced ability to 
assay highly repetitive and duplicated regions due to difficulty in probe construction for 
selective hybridization, as well as limited resolution to detect breakpoints and small 
variants due to the finite number of oligonucleotides on the array. 
 Reduced representation-based sequencing approaches can also be applied to SV 
detection. Both genotyping-by-sequencing (GBS) and transcriptome sequencing (RNA-Seq) 
have been applied extensively to variant discovery in maize and other plant species. Both 
approaches effectively reduce the sequence space by enriching for non-repetitive regions 
by way of methylation sensitive restriction enzymes in GBS and sequencing mRNA in RNA-
Seq.  
As a result GBS is more cost-effective and less computationally challenging than whole-
genome sequencing thus, allowing for population-scale analyses. Examples of the 
successful application of GBS to probe maize genetic diversity and discover SVs are the first 
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and second-generation HapMap studies (Gore et al., 2009; Chia et al., 2012). In this 
genome-wide scan of diverse germplasm SV was detected via a 10-kb sliding window of 
read depth variations. The team of researchers report that SV is common throughout the 
Zea mays lineage with more than 90% of the 10-kb windows displaying at least twofold 
variation and more than 70% of the windows displaying read depth variants in more than 
10 lines.  
 A RNA-Seq study examining 21 diverse maize genotypes described 1,321 high 
confidence novel transcripts absent from the reference genome that were shown to follow 
heterotic patterns and make up a portion of the dispensable genome (Hansey et al., 2012). 
More recently, a similar but greatly expanded study discovered more than 8,000 novel 
transcripts across 503 maize genotypes and used a portion to explain variation for two 
developmental traits important for adaptation (Hirsch et al., 2014). Similar to an aCGH 
microarray approach, use of reduced representation sequencing has proved valuable in 
providing new insights into the maize pan-genome and SV despite certain limitations. In 
terms of RNA-Seq only expressed genes can by assayed, CNVs and other complex forms of 
rearrangement cannot be investigated, and the transcriptome PAVs that are detected do 
not always represent genomic PAV. The main limitation in using the GBS protocol is the 
large amount of missing data along with poor resolution in detecting SV.  
Whole-genome re-sequencing is the most optimal means to study SV. Given the 
steadily decreasing cost along with the improved robustness of sample preparation and 
base calling, it is now feasible to apply the technology to detect SV in the maize genome. 
The main advantage is the ability to evaluate the entire genomic sequence space and 
explore the full range of SV classes. Another significant improvement in comparison to 
aCGH is the ability to detect and characterize novel variants not represented in B73, in 
contrast to the use of probes based solely on the reference.  
Recently, Lai et al. applied whole-genome resequencing to compare the genomes of six 
elite Chinese inbred maize lines (Lai et al., 2010). From a filtered gene-rich list the authors 
discovered 296 high-confidence genes that were present in the B73 reference genome, but 
missing in one or more of the queried inbred lines. Facilitated by a sequencing approach, 
several hundred high confidence genes were discovered in the other five inbreds that were 
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absent in B73. Of those predicted absent genes, seven were annotated as having leucine-
rich repeat domains and two had nucleotide-binding site domains both of which are 
important in biotic and abiotic stress resistance. 
In practice the detection of SV by DNA sequencing is based on the mapping of short 
reads to a reference genome. This can be achieved by means of three distinct approaches: 
read-depth, read-pair, and split-read methods. The read-depth method considers read 
density along a chromosome and the algorithm calls SVs based on the abundance or 
depletion of reads in a particular region. A read-pair approach takes advantage of paired-
end sequencing where both ends of a DNA fragment are sequenced to find discordant 
reads. The split-read technique uses split or pair-end reads (two or more portions or the 
ends of a read are mapped to different regions of the genome) to call SV. An all-together 
different approach to call SVs is to assemble a genome de novo and overlay the assembly 
onto a reference genome. Ideally one would be able to take advantage of the strengths of 
each method however a robust computational tool that incorporates each has yet to be 
realized.  
Despite the absence of such a tool, it is still possible to confidently call CNVs (via read-
depth, read-pair, or split-read) and assemble unmapped reads to assess sequences outside 
the reference genome. Further, separate datasets constructed using different methods can 
be compared to build a high-confidence set of overlapping CNV calls. Indeed, through a 
genomic DNA sequencing approach structural variants can be discovered, characterized, 
and ultimately applied to gain new insights into their impact on phenotype.  
Resistance gene overview 
 
For a plant breeder, resistance to biotic and abiotic stresses is critical to the 
advancement and increased usage of any particular genotype. The complex and highly 
dynamic plant defense response mechanism begins with the recognition of a pathogen. The 
cellular machinery responsible for the initial perception is a subset of cell-surface receptor-
like kinase (RLK) genes, termed pattern recognition receptors (PRRs). These PRRs respond 
to the presence of specific molecular signals associated with the pathogen through a 
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cascade of transcriptional reprogramming collectively known as PAMP-triggered Immunity 
(PTI).  
Over evolutionary time, pathogens have evolved a mechanism to bypass PTI by means 
of effector proteins. Upon entering the cell, the effector proteins are capable of escaping PTI 
by sabotaging various cellular processes or escaping detection altogether (Mudgett et al., 
Desveaux et al., Liu et al., 2005). Plant proteins, often composed of a nucleotide binding site 
(NBS) and a C-terminal leucine rich repeat domain (NB-LRRs), are encoded by resistance 
genes (R-genes) and serve as the host’s counter response by recognizing the pathogen’s 
effector proteins. Thus the NB-LRRs enable early detection and direction of host response 
to disable effectors prior to infection. 
NB-LRRs act directly via LRR domain interaction with effector proteins or in response 
to specific pathogen footprints (Krasileva et al., 2010; Brutus et al., 2010). There have also 
been reports of indirect recognition responses that seem to support the ‘guard hypothesis’  
(Dangl and Jones; van der Biezen and Jones, 1998). Following detection of a pathogen 
effector protein by the LRR domain, the NBS complex undergoes a conformational 
transition to an open activation state with bound ATP (Takken and Goverse, 2012).  Upon 
reaching this activated state, motifs present in the N-terminal domain are exposed allowing 
for the development of a network of downstream signaling and protein interactions that 
ultimately leads to the hypersensitive response (Chisholm et al., 2006). 
The N-terminal motifs responsible for downstream signaling and perpetuation of the 
immune response are usually in the form of a Toll/interleukin-1 receptor domain (TIR) or 
a coiled-coil domain (CC) (Lukasik and Takken, 2009). Together the N-terminal TIR/CC, 
NBS, and C-terminal LRR domains constitute a complete NB-LRR R protein that is essential 
in the full succession of events leading to immunity. Additionally, NB-LRR proteins also 
have the capacity to participate in various developmental and abiotic stress responses 
(Tameling and Joosten, 2007).  
Relationship between structural variation and resistance genes 
 
The maize genome displays a pattern of dispersed SV throughout all 10 chromosomes 
broken up by relatively small, highly conserved regions of identity-by-descent. Annotation 
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of structurally variable regions has revealed enrichment for members of large gene 
families, particularly NB-LRR disease resistance and stress-related genes (Swanson-
Wagner et al., Lai et al., 2010; Chia et al., 2012). Inspections of other plant genomes have 
shown a similar abundance of NBS genes among identified CNV/PAV gene lists (Rizzon et 
al., 2006; Guo et al., 2011; Xu et al., 2012; McHale et al., 2012). Most putative NB-LRR 
encoding genes reside in clusters as a consequence of tandem and segmental duplications 
(Leister, 2004). These NB-LRR assemblages are often subject to unequal homologous 
recombination, gene conversion, and other genetic mechanisms that lead to local gene 
duplications and intraspecific variation (Kuang et al., 2004; Mondragon-Palomino and Gaut, 
2005).  
It stands to reason that there would be fitness advantages associated with the ability of 
a given R-gene to co-evolve with new pathogen effector specificities. It should be noted, 
however, that there is a fitness cost to maintaining NB-LRR genes if the associated 
pathogen is absent in the environment (Tian et al., 2003). Thus, a high rate of sequence 
shuffling not only promotes the creation of novel alleles, but also assists in the removal of 
expendable R-genes. The overrepresentation of NB-LRR and stress-related genes in 
CNV/PAV lists is a result of evolution driven by this positive and artificial selection.    
Regulation and expression of R-genes 
 
It’s known that transposition is nonrandom with respect to gene function; genes with 
tandem repeats and NB-LRR genes in particular, show some of the highest rates of 
transposition (Woodhouse et al., 2010). In a recent review, Lisch points out that R-genes 
often lie in mosaic islands made up of intact genes and TEs, which can lead to novel forms 
of gene regulation (Lisch, 2013). Retrotransposons and PACK-MULE elements are common 
in the maize genome and can help spur evolution by shuffling existing sequences. Chimeric 
genes created through this process may adopt new roles in disease resistance.  
 An interesting connection between transposons and R-gene clusters is their negative 
regulation via small RNAs. Not unlike their role in the control of TE proliferation, miRNAs 
often act as master regulators to NB-LRR genes directly or via trans-acting small interfering 
RNAs. These miRNAs are capable of highly specific targeting of the P-loop motif in the N-
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terminal NBS domain (Shivaprasad et al., 2012). Moreover Li et al. (2012), have shown in 
tobacco that a 21-nt and 22-nt miRNA block the expression of an R-gene necessary for 
resistance to tobacco mosaic virus and trigger the production of phased secondary 21-nt 
siRNAs. The authors speculate that R-gene fragment transposition, via retrotransposons or 
PACK-MULE elements, to unlinked genomic sites have evolved into novel miRNA 
precursors. At this point it’s necessary to hypothesize on what effect these miRNAs might 
have in the general defense response. 
The lab of Sir David Baulcombe, proposed a hypothesis for NBS-LRR induction 
mediated through suppressors of RNA silencing. In it, they acknowledge that after infection 
pathogenic viruses and bacteria produce in or transport RNA silencing suppressors to the 
host cell to avoid being subject to silencing themselves. In turn, the “counter counter-
response” to this action in the plant is the lifting of small RNA-induced repression of NB-
LRRs. Thus, the initial silencing of NB-LRR mRNAs would act to minimalize the negative 
effects of constitutive R-gene expression in the absence of a pathogen. Also, since NB-LRR 
genes are characteristically numerous and constantly responding to pathogen co-evolution, 
it makes sense that this global regulation mechanism would help to foster R-gene 
adaptation without additional costs to the plant. In summation, one can begin to appreciate 
the incredible complexity involved in plant defense. A direct link from R-genes to 
transposons to small RNAs is highly unlikely. The above observations do however show 
that behavior one of these aspects can influence the other two.   
 
Objectives 
 
Overall, it seems clear that understanding structural variation is critical to 
strengthening our ability to genetically improve maize for enhanced stress and stimulus 
responses. In the study presented herein, an attempt is made to examine and characterize 
intraspecific variation in putative R-gene content in Zea mays specifically within regions of 
SV. It is hypothesized that significant sequence and structural variation exists between 
genotypes and may account for a portion of the quantitative variation in abiotic and biotic 
stress resistance. The objectives of this research are to 1. investigate structural variation 
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between different maize genotypes and  2. identify differences within these structurally 
variable regions that could impact the ability of a particular genotype to respond to abiotic 
or biotic stress stimuli.  
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MATERIALS AND METHODS 
 
 
Germplasm analyzed 
 
 North American dent maize germplasm can be broadly divided into two separate 
pools: Iowa Stiff Stalk Synthetic (BSSS) and non-Stiff Stalk heterotic groups, with the Iodent 
family the most prevalently used non-Stiff Stalk. Breeding programs are based primarily 
upon recycling germplasm within each heterotic pool, and then hybrids are formulated 
from crosses between heterotic families. Commercial breeding programs have largely 
closed germplasm pools protected via Plant Variety Protection (PVP) and utility patents, 
but upon expiration this germplasm is made available to the public. Mikel and Dudley 
(2006) have analyzed this germplasm and identified key progenitors and their lineages. 
There exists extensive recycling of elite haplotypes within commercial breeding programs 
that has been quantified through the examination of expired PVP-certificates and 
coefficient of parentage analysis (Mikel, 2008). Genotypes identified by Mikel as 
progenitors in the development of contemporary North American maize germplasm 
included in this experiment are the inbreds B73, LH82, PH207, PHG35, PHG39, PHG47, 
PHG84, and PHJ40 (Mikel, 2011). In addition to the mentioned inbreds, two elite maize 
lines currently under patent protection by Dow AgroSciences, hereby referred to as DAS1 
and DAS2, were also included in this analysis (see table 1). 
DNA extraction 
 
Genomic DNA was extracted from ~25mg of corn leaf tissue per sample using 
Qiagen’s MagAttract Plant DNA core kit modified for high throughput automation.  The leaf 
tissue was homogenized in a high salt lysis buffer using SPEX’s GenoGrinder 2010.  After 
centrifugation to pellet plant debris, DNA from the supernatant was bound to silica-coated 
ferrous nanoparticles for the high salt and ethanol wash steps.  Purified DNA was then 
eluted in 1xTE and used to make NGS libraries. 
 
Library construction and sequencing 
 
Libraries were prepared at Dow AgroSciences, Indianapolis, IN. Prior to NGS Library 
preparation DNA quantity was assessed on the Qubit 2.0 Fluorometer (Life Technologies) 
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using the dsDNA BR Assay kit. Genomic DNA was sheared to ~300bp fragment size with 
the Covaris E220 System (Covaris, Inc.) with the settings: peak incident power 140, duty 
factor 10%, 200 cycles per burst, and treatment time of 80 seconds. DNA library 
preparation was carried out using the TruSeq DNA Sample Preparation Kit (Illumina Inc.) 
according to the manufacturer’s recommended protocol. The quality the enriched library 
was assessed on an Agilent Bioanalyzer 2100 using a High Sensitivity DNA kit. Final library 
was normalized to 2nM concentration and pooled with seven other samples from a 
separate experiment. Pooled libraries were then denatured with sodium hydroxide, and 
diluted to 8pM in hybridization buffer for loading onto a Hiseq flow cell. A 2X101 cycle-
paired end run with 6 index cycles was carried out on the Hiseq 2000 in line with Illumina’s 
recommended protocol. The sequencing of the inbreds appeared relatively even (~15x), 
however since additional depth of the inbred PH207 was available from a concurrent 
experiment additional reads were added to equal the depth of B73.  Adapters were 
trimmed and low quality sequences  (less than 20 phred quality score) were removed using 
the FASTX-toolkit (hannonlab.cshl.edu/fastx_toolkit/).  
 
Mapping pair-end sequencing reads to B73 reference genome 
 
The first step in determining CNV and PAV among these different genotypes was 
alignment of the pair-end reads to a reference genome. At the time of this work the B73 
reference (B73 AGPv2.16) genome was the only reference publicly available. The short 
read mapper, Novoalign [V2.08.02] was utilized to map raw sequence reads to the B73 
reference version 2 genome (AGPv2.16). Novoalign is an accurate aligner commonly used 
with short-read technology and is based on the Needleman-Wunsch algorithm with affine 
gap penalties (http://www.novocraft.com/). Metrics on the Novoalign alignment are 
provided in table 2. The program was operated using the following parameters:  
%novoalign  -a -F STDFQ -r All  
 
 
 
 
 12 
Methods for genic presence absence variation discovery 
 
Initial assembly of partially and non-mapping reads 
 
Discovery of genic PAV not found in B73 AGPv2.16 upon alignment, but present in the 
other lines, was facilitated by processing the non-aligning reads. Using Velvet [V1.2.10] for 
de novo assembly of the partially and completely unmapped reads from each inbred 
facilitated the first step. In brief, Velvet operates by first constructing a hashtable from the 
sequences used as input and then building a de Bruijn graph to form unique contiguous 
sequences. Coverage values in Velvet are expressed in terms of kmers. The relationship 
between kmer coverage (Ck) and standard genomic coverage (C) is provided by the 
following equation where k represents hash length and L the read length:  
Ck = C * (L –k + 1)/L 
The choice of kmer size is critical in the assembly of the de Bruijn graph because it 
determines the overlap between sequences that ultimately make up the nodes on the 
graph. There is a tradeoff, however associated with choosing a longer kmer value 
(increased sensitivity, decreased specificity) versus choosing a shorter kmer value 
(increased specificity, decreased sensitivity). In order to balance these tradeoffs, four 
separate kmer values were chosen for each line and later merged with the aim of obtaining 
a greater consensus assembly. Contigs whose length did not exceed 100 bp were excluded 
from the assembly. The full details on the various assemblies are provided in table 3.  
Parameters used: %velveth $kmer –fastq –shortPaired 
%velvetg –exp_cov auto –cov_cutoff auto –min_contig_lgth 100 -unused_reads yes 
Generation of consensus assembly of partial and non-mapping  
 
To generate the consensus assembly for each inbred from the multiple kmer 
assemblies the remaining contigs were merged using PHRAP [V0.990329] with a minimum 
scoring alignment set to 20. PHRAP is a relatively old, but reliable program that utilizes the 
“overlap-layout-consensus” approach to assembly (Green, 1996). In short, PHRAP builds a 
rough graph of all fragment overlaps in the overlap phase, chooses the highest scoring 
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overlap in the layout phase, and repeatedly merges fragments until the end in the 
consensus phase.   
Parameters used: %phrap $fasta_input –minmatch 20 
Alignment to B73 reference of non-mapping read contig assemblies 
  
A less stringent alignment to B73 of these generated unmapped contigs was 
undertaken to increase confidence that they were either not present or the context of their 
presence (ie. partially present) and they were not an artifact of mis-alignment. The 
program, BLAT was used to re-align the unmapped contigs to the B73 AGPv2.16. BLAT 
(Blast-Like Alignment Tool), uses a similar algorithm as BLAST and was used because of its 
speed and reliability (Kent, 2002). The partially mapped contigs were retained only if they 
were greater than 200 bp in length and less than 50% of the contiguous sequence was 
mapped.  The “ooc” file option was included to speed-up the alignment by taking into 
account overrepresented sequences.  
Parameters used: %blat reference.2bit query.2bit –ooc=zeaMays.11.ooc –fastMap –
t=dna –q=dna 
Repeat masking partially and non-mapped contigs 
 
All of the unmapped and partially mapped contigs from the BLAT alignments were 
concatenated into a single file to be used as an input to RepeatMasker [V3.2.8] (Smit, 
Hubley, and Green, 1996-2010). This step enabled masking of repetitive elements in the 
dataset.  
 Parameters used: %RepeatMasker query –species Maize –norna -xsmall. 
Alignment of partially and non-mapped contigs to B73 AGPv2 and v3 
 
Once the most recent version B73 reference genome (B73 AGPv3) became available in 
May 2012 (AGPv3.21), an updated BLAT re-alignment was conducted. The concatenated 
list of contigs from RepeatMasker and the previous BLAT run was used as the input and the 
parameters selected were identical to the B73 AGPv2.16 alignment. Also, similar to the 
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prior B73 AGPv2.16 alignment a threshold of >50% unmapped and unmapped length >200 
bp to the partially mapped contigs was applied. A detailed table including the numbers of 
contigs throughout the different alignments is provided in table 4; a breakdown of contig 
lengths after this alignment is provided in table 5.  
Parameters used: %blat reference.2bit query.2bit –ooc=zeaMays.11.ooc –fastMap –
t=dna –q=dna 
Grouping of partial and non-mapped contigs among sequenced inbreds 
The sequence clustering program, CD-HIT, was employed to group the partially and 
completely mapped PAV contigs among all of the genotypes by similarity (Fu et al., 2012). 
Grouping contigs by similarity was based on 90% or greater identity. This step was 
instrumental in reducing redundancy in subsequent analysis. In general terms, CD-HIT 
operates by sorting sequences by descending length with the longest becoming the 
representative sequence for its cluster. Each remaining sequence is compared to the 
representative. If the similarity is above the given threshold, the sequences are grouped 
with one another. Clusters containing only a single contig were excluded from further 
analysis, as they are likely mis-assembly artifacts.  
Parameters used: %cd-hit-est –i input.fasta –o output.out –c 0.90–n 5  
Annotation of unmapped contigs 
 
A representative contig of each of the previously described CD-HIT generated clusters 
was subjected to tBLASTx [V2.2.28] annotation. The annotation was generated using a local 
database of non-redundant plant proteins downloaded from NCBI on 08/12/13. Only the 
BLAST best hit was retained for each entry and a significance threshold of 1e-5 was also 
set. Any contigs annotated as being abiotic/biotic stress related were filtered and added to 
a working list of putative R-genes (see table 7). 
Putative resistance gene characterization – motif analysis 
 
Contigs annotated as putative disease resistance genes were then subjected to motif 
analysis via the MEME [V4.9.0] suite of tools (Bailey et al., 2009). A motif is a sequence 
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pattern unique to a specific protein family or related DNA sequences. Meme assigns 
statistical significance to the inputted sequences using an algorithm based on expectation 
maximization and the fit of a two-component mixture model. 
The first step in the MEME workflow was the construction of ‘positive’ and ‘negative’ 
training sets. The positive training set primarily consisted of manually curated R-genes that 
were compiled using the curated list at the Plant Resistance Gene Database website 
(http://prgdb.crg.eu). The negative training set was constructed by randomly shuffling the 
sequences included in the ‘positive’ training set. A positionals prior (psp) file was 
generated from the psp-gen script included in the MEME package and included as a 
parameter in the MEME command. The significant motifs from the MEME output were then 
manually analyzed and compared to sequence patterns shown in previous literature to be 
characteristic of NBS genes (Meyers et al., 1999; Meyers et al., 2003). Specifically, the p-
loop, MHDV, RNBS-A(B)(C)(D), Kin-2, GLPL, LDL, pre-NB EDVID, and END motifs were 
successfully identified. The actual motifs are provided in table 6.  
Next, a MAST (Motif Alignment and Search Tool) search against the representative 
sequences from the clustering output using these discriminatory motifs was conducted. 
Before the MAST search, an accuracy assessment was carried out using the positive and 
negative training sets as queries. Indeed, all of the sequences in the positive training set 
were found to have significant (1e-5) motif signatures, while the top hit from the negative 
training set had a significance value of only 0.098. Once the accuracy was validated, the full 
search was undertaken and 27 contigs identified as having at least one of the motif 
domains (1E-05) were added to the working R-gene list.  
Parameters used: %meme NBS-proteins.txt -psp NBS.psp -protein -mod zoops -nmotifs 
20 -evt 2 -maxsize 700000  
 %mast –dna –comp –m 1 –m 9 –m 13 –m 4 –m 7 –m 10 –m 15  
Putative Resistance gene characterization – protein annotation 
 
 Protein annotation was used to further define the sequences assigned to the 
working R-gene list as putative R-genes. The program InterProScan [V5.45] was used to 
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scan against the full list of member protein signature databases included in the InterPro 
Consortium (Jones et al., 2014). InterProScan searches for matches to these databases by 
translating the DNA sequences in all six frames and searching with each.  
 
Methods for genic copy number variation discovery 
 
Careful analysis of whole-genome sequencing data appears to be a promising 
methodology to determine copy number variation. As previously discussed, the application 
of NGS data to SV detection has a number of advantages over microarray hybridization. 
Despite these advantages, CNV detection is still being refined, and as a result the tools and 
algorithms used to call such variants are not fully mature. Nonetheless, there are effective 
and accurate tools available to interrogate NGS data for CNV. The most common method 
uses sequencing read-depth as a proxy for copy number. In a few words, read-depth 
methods are based on the assumption that the read density mirrors the copy number of a 
particular region. Thus, a region of copy number gain will have significantly more mapped 
reads than the amount expected and vice versa for a copy number loss. It is certain that 
bias arises from PCR bias resulting from variable GC content, and imperfect mapping of 
short reads.  
The CNVnator algorithm was used to facilitate read-depth detection of CNV (Abyzov et 
al., 2011). CNVnator is relatively mature compared to other CNV detection algorithms and 
has been successfully applied to detect CNV in the human genome. In order to make actual 
calls, CNVnator works by portioning the genome into distinct bins of a user defined length. 
The read-depth signal of each bin, which is derived from the amount of mapped reads, is 
portioned into segments that are subjected to statistical tests to determine significance 
levels of putative CNVs. Outlined by Abyzov et al., (2011) CNVnator corrects GC-bias by the 
provided equation: 
           
   
  ̅̅ ̅̅       
  ̅̅ ̅̅   
      
  
where i is bin index,      
 is raw read-depth signal for a bin,            
  is corrected RD 
signal for the bin,   ̅̅ ̅̅        is average RD signal over all bins, and   ̅̅ ̅̅    is the average read 
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depth signal over all bins with the same GC content as in the bin. The bias stemming from 
ambiguously mapping reads is dealt with by randomly assigning a position from all 
possible read locations reported by the aligner. This is opposed to other methods of read-
depth based CNV detection that only consider uniquely mapping reads. This strategy allows 
for better detection of CNV in repeat-rich regions, which is critical in a highly repetitive 
species like maize. A caveat to the strategy of randomly assigning ambiguous reads is that 
the number of false positive calls is inflated. In turn, the high number of false positive calls 
was reduced requiring stringent significance (<0.05) for each CNV call region p-value. 
CNVnator reports four p-values of significance for each call, where p-value 1 is a one-
sample t-test of whether the mean of the read-depth signal within the segment has a value 
of the genomic average and p-value 2 is from the probability of read-depth signal being 
found within the lower tails of a Gaussian distribution with parameters estimated from the 
best fit to the genomic read-depth distribution. The other two p-values are the same as 1 
and 2, but refer to the middle of the CNV call region rather than at the start.  
In addition to the CNVnator CNV call set, a separate and independent CNV set was 
composed based on normalized read-depth calculations for genic coordinates. Both the 
filtered gene set (FGS; 39,450 gene models), which consists of high confidence genes and 
the working gene set (WGS; 63,331 gene models), which includes all the genes in the 
filtered set plus additional putative genes annotated from the Zea mays B73 AGPv2.16 
genome were used to derive the coordinates. The additional ‘genes’ in the working gene set 
are supported by less evidence and a portion are likely transposon-mediated gene 
fragments or remnants leftover from the maize whole genome duplication event. 
To account for differences in cumulative sequencing pair-read (PE) depth between 
inbreds, the depth in genic regions was normalized based on the cumulative genomic depth 
for each individual inbred. Then to call CNV, the degree of deviation in these normalized 
genic regions from the reference inbred, B73 was calculated. If the degree of deviation was 
above or below a determined threshold it was called a CNV. These values were found by 
dividing the normalized genic depth for each gene by the normalized depth of the 
corresponding gene in B73. For example, the gene GRMZM2G180478 upon alignment of PE 
reads had a normalized depth of 0.22 in PH207, while in B73 the same gene was sequenced 
 18 
to a normalized depth of 0.92. The ratio between the two genotypes is 0.24 (0.22/0.92). To 
select cutoff thresholds, I first plotted the distribution of all gene ratios for each inbred. As 
expected the depths were normally distributed around a value of one. Values of 1.75 and 
0.25 were arbitrarily selected as stringent upCNV (more copies in B73ref) and downCNV 
(fewer copies in B73ref) cutoffs, respectively. In the case of GRMZM2G180478, this 
particular gene model would be called a downCNV because the normalized depth is less 
than 0.25, indicating that PH207 has one less copy of this gene. As part of CNV threshold 
discovery, I also calculated values for a slightly less stringent threshold 1.50 and 0.50. The 
CNV call metrics for both thresholds are provided in table 8.  
Following the construction of CNV call sets, patterns of CNV for genes of interest were 
queried. In particular, genes containing NBS domains were of special interest due to their 
role in disease resistance. A list of 137 NBS genes was compiled based on NBS InterPro 
annotation was fetched from Gramene (http://ensembl.gramene.org/). To provide a 
control for the NBS CNVs, CNV frequency for genes with a ‘housekeeping’ function and zein 
domain containing genes were calculated. Genes making up the housekeeping gene list 
were previously identified by Sekhorn et al. (2011), as being constitutively expressed 
across all tissues with very little variability. The zein domain was queried in order to 
provide an additional comparison for the prevalence of copy number variations in NBS 
clusters. The z1C gene family consists of 23 genes that encode the 22-kD α zein storage 
proteins in maize. 22 of the 23 members are tandemly located on chromosome 4S within 
168 kb of one another. The 22-kd α zein gene family contrasts the behavior of NBS gene 
clusters and is believed to be relatively stable, thus no crossover occurs between members 
of this gene family (Messing, 2001). The list of 29 genes containing zein domains was also 
fetched from Gramene. For this reason, the zein gene family was selected as a counter for 
analyzing the frequency of CNV occurrence. 
Gene ontology analysis 
 
A gene ontology (GO) analysis provides a means to assess the biological significance 
of variation. In such an analysis, the first step is to determine which GO category or 
accession a particular gene is defined as. Once the set of GO accessions is assembled 
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statistical tests are used to determine which accessions are enriched in the observed set 
versus the expected reference count. All of these steps were completed using the agriGO GO 
analysis toolkit program [version 1.2] (Du et al., 2010). Options used were the Fisher 
statistical test at a significance level of 0.05 with a requirement of at least 5 mapping 
entries. Finally, the Hochberg (FDR) test was chosen as the multi-test adjustment method. 
The list of genes called as upCNV or downCNVs from the stringent normalized depth 
method were used as the input for the analysis.  
 
 
RESULTS AND DISCUSSION  
 
 
This work facilitates the exploration of genic variation in abiotic/biotic related 
sequences across diverse maize germplasm. Stress tolerant genes not found in B73 were 
discovered from billions of short pair-end sequencing reads, contiguous sequences were 
assembled and characterized for putative roles in stress tolerance. This process of 
characterization included resistance gene motif scanning, as well as the annotation of both 
nucleotide and predicted protein sequences. From the same assortment of raw sequencing 
reads, copy number variation of genes known to be involved in stress responses were 
analyzed. The levels of variation observed were compared for NBS-domain containing 
genes with a control set of housekeeping and zein genes. Finally, the variation among R-
genes was further verified by visualization of read alignments, and in the case of PH207 
through direct comparison between the B73 reference genome and a nearly complete 
(+240x) PH207 de novo genomic assembly. 
 
Bioinformatic process 
 
The initial step in the bioinformatics process involved aligning raw sequencing reads to 
the B73 reference version 2 assembly using the short-read aligner, Novoalign. As expected 
B73 had the highest proportion (98%) of reads mapped (439,154,485 of 447,370,660), 
while the rest of the inbreds were consistently 95-97% mapped.  In order to minimize the 
numbers of falsely unmapped reads, the short-reads were assembled into longer contigs 
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and re-aligned to B73 using a less-stringent alignment tool. The de novo assembly of short 
reads was performed using Velvet. Multiple kmer sizes were used in this step in order to 
provide a consensus assembly for each inbred. The average N50 contig length across all 
samples and kmer sizes was 552 bp. The process of merging the different kmer Velvet 
assemblies was done using PHRAP. The longest contig obtained was 17,069 bp long, while 
the median length was 588 bp and the average contig length was 859 bp, respectively. 
 Since this experiment was interested in identifying putative genes missing from B73 
but present in the other lines, repetitive elements were filtered out from the contigs. 
Approximately 29% of the contigs were masked bringing the total number of unmapped 
and partially mapped contigs in the dataset to 340,353. For the purpose of confirming that 
the unmapped contigs were, indeed, unmapped another less-stringent alignment was done. 
From the first BLAT alignment a total of 553,339 (37%) of the completely unmapped 
contigs were retained along with 638,781 (43%) of the partially mapped contigs. The third 
alignment was done once the newest reference assembly of B73 became available.  From 
this alignment an average of 1.17% of contigs were eliminated and as expected the total 
number of B73 unmapped contigs was reduced most significantly. At this point, the total 
number of unmapped and partially mapped contigs was 336,470.  Finally, the unmapped 
contigs were annotated to determine their putative functions using tBLASTx. To reduce the 
computation required for the annotation, redundant sequences were first clustered using 
CD-HIT. The filtered output of CD-HIT consisted of 655,241 contigs that were grouped into 
28,823 clusters (table 4). The average number of contigs in each cluster was 2.63 and the 
largest cluster contained 17 contigs.  The large clusters with multiple contigs from a single 
inbred likely represent paralogs, different parts of the same gene, or highly conserved 
members of a gene family. Once the clusters were generated, only the representative 
sequences of each cluster were annotated. An overview of this process can be seen in figure 
1.  
Three separate alignments to the reference genome were performed as part of the 
stringent pipeline to assure that the unmapped contigs were, in fact, unmapped. Still it is 
important to note sources of misrepresentation. As seen by the number of B73 unmapped 
contigs that remained unmapped, it is suspected that some portion of these unmapped 
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contigs are not truly absent from B73. These false-positives are likely a result of sequencing 
error, mis-assembly, or inaccurate alignment. Another consideration is that the B73 
reference genome is incomplete and therefore contains unsequenced gaps to which the 
unmapped reads identified in this experiment may align.  
The existence of the dispensable maize genome is an active research topic. There is 
strong evidence that variation in dispensable genome content contributes to overall 
phenotypic variation especially for complex, quantitative traits (Chia et al., 2012). 
Structural variation has been predominantly assayed at the level of copy number variants 
rather than presence/absence variation. This is largely a consequence of the previous 
methods used to interrogate SV. The sequencing-based methods used herein provide a 
more complete unbiased representation of the non-B73 dispensable genome. More than 
330,000 contiguous sequences, of which over half were completely unmapped, comprising 
over 200mb of sequence length were identified as absent from B73 (a complete breakdown 
is provided in table 5). The impetus behind this experiment was not simply to validate the 
existence of the maize dispensable genome. Instead, our curiosity was rooted in the 
potential to identify sources of variation in stress response from the dispensable genome. 
 
Novel R-gene discovery 
 
Given this objective, the experiment was largely successful in identifying said variation. 
To accomplish this, the contigs annotated as being related to disease/stress response from 
the tBLASTx annotation were flagged. There were 28 contigs annotated as disease 
resistance genes that were used to form a working list of putative R-genes. In order, to 
discover additional R-gene candidates the rest of remaining contigs from each of the 28 
clusters whose representative sequence was flagged as a resistance gene were subjected to 
the same annotation. From this, an additional nine contigs were added to the working list. 
The next step involved scanning these contigs for the highly conserved sequence motifs 
characteristic of NBS domains. Using the program, MAST, I found that 26 of the 37 contigs 
were significantly (1e-5) for the NBS motifs. The last step involved additional annotation 
via IPRScan. Manual inspection of the IPRscan output revealed that out of the 37 contigs 
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from this working R-gene list 30 contained domains related stress/disease resistance. 
From these 37 positive contigs, there were 28 hits to the InterPro family IPR002182: NB-
ARC, 28 hits to the InterPro family IPR027417: P-loop containing nucleoside triphosphate 
hydrolase, 11 hits to the InterPro family IPR001611: Leucine-rich repeat, 13 hits to coiled-
coils from the Coils database, and 4 hits to the disease resistance protein signature from the 
PRINTS protein fingerprint database.  
Following protein domain annotation, these putative resistance genes were separated 
into three different groups based on amount of supporting evidence. The gene list was 
further filtered to increase confidence of absence by excluding contigs that were smaller 
than 300nt and their length mapped 80% or more to the B73 reference. The ‘high’ 
confidence list contains 14 contigs identified by positive blast resistance gene hits, 
significant MAST motif hits, and positive InterProScan annotations. The ‘medium’ 
confidence list contains 14 contigs that identified by two of the three forms of supporting 
evidence, and the ‘low’ confidence list contains 9 contigs identified by one of the three. The 
full working R-gene list is provided in table 7.   
Although the working list is also referred to as the ‘candidate gene list’ it is necessary 
to note that not all members of the working list may be genes. A portion of the contigs may, 
instead represent inactive pseudogenes that share a high level of sequence similarity with 
resistance genes, but through mutation have been rendered inactive. Others may simply be 
gene fragments separated from an original resistance gene cluster via translocation or 
transposition events. For this reason, an initial step in future work will likely be to 
determine which sets of the candidate list are, in fact, transcribed and translated into 
proteins. 
 With the previous consideration in mind, I point out that past experiments have 
shown that sequences completely absent from B73 have the potential to be protein coding 
genes. For example Hirsch et al., identified 8,681 high-confidence novel transcripts absent 
from B73 in which nearly half were supported by annotation to rice and sorghum proteins 
(Hirsch et al., 2014). Stringent filtering criteria excluded repetitive elements and short 
sequence fragments; the average contig length for contigs that make up the working R-gene 
list was over 1200bp. Thus, they have the potential to represent full genes or at least 
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multiple exons. Even in the case that most represent pseudogenes they might still have 
significant impacts on disease response. For example, some may play a role as miRNA 
target mimics, which is known to occur in both plants and animals. Shivaprasad et al.,  
(2012) speculate that such is the case and explain that truncated NBS-LRR fragments 
sequester miRNAs and fine-tune basal expression. In short, the list presented provides a 
valuable starting point for future research into non-reference based sources of resistance 
gene variation. 
 
Copy number variation analysis 
 
Apart from compiling putative R-genes into the working R-gene list, the other main 
effort involved assaying CNV. To do so, two separate methods were used for detection. One 
was based on normalized depths across genic areas, while the other relied on the 
implementation of CNVnator. In the end we found the CNV calls based on normalized 
depths to be most appropriate and informative. Even so, the CNVnator calls were still used 
to help validate a portion of the normalized depth based CNV calls. Extensive effort was 
taken to further assess the quality of our CNV calls by comparing our dataset to that of a 
previously published experiment. A third resource available to corroborate CNV calls was a 
deep assembly (+240x) of the inbred PH207.  
Preliminary examination of the CNV call sets included visualization via the Integrative 
Genomics Viewer (IGV) of read depths and CNV calls (Thorvaldsdóttir et al., 2012; 
Robinson et al., 2011). The CNVnator call set was much more stringent and variable, and 
ultimately determined to be less suitable than the set produced solely from normalized 
depths. This was confirmed upon examination of highly variable genomic regions 
confirmed to have extensive CNV by normalized read-depth and confirmed by IGV 
visualization, but entirely missed by CNVnator. Since the CNVnator dataset was only used 
to validate the normalized depth calls (see table 9), I used relaxed p-value criteria and 
required only one of the four p-values to be significant (p<0.05). The reduced utility of the 
CNVnator data set is likely a result of the algorithms being optimized for mammalian 
genomes in lieu of the highly-repetitive and variable maize genome. In conclusion, it seems 
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that bioinformatics programs, like CNVnator, that have been used successfully for 
mammalian genomes will need to re-assessed in the context of the unique aspects of plant 
genomes in order to determine their CNV calling efficacy.  
An aCGH experiment carried out by Swanson-Wagner et al. (2011; SW), included four 
genotypes that were also present in this work: PHJ40, PHG84, PHG39, LH82. These four 
common inbreds allowed us to perform a comparison of the two CNV datasets. The 
reported criteria used by SW for calling CNVs was a log2 ratio for all probes (three or four) 
in each genic region that were either above or below the 95% cut-off value determined by 
the distribution of all data with values above 0. On average, my CNV call set was larger than 
the SW publication: 79 vs. 1,016 upCNV and 1,069 vs. 1,908 downCNV. The large difference 
in the amount of upCNVs is a result of there being only 21 LH82 upCNVs and 32 J40 
upCNVs in the SW analysis. These amounts were near the low end that SW detected for all 
of the other inbreds sampled in that study, which might indicate an underrepresentation.  
As expected, there appears to be higher frequencies of CNV occurring in NBS domain-
containing genes. Based on normalized depth values, 45 of 137 NBS genes displayed 
variation in at least one of the queried inbreds (table 10). In total, there were 107 
downCNV (table 12) and 42 upCNV (table 13) calls in NBS genes across all of the inbreds 
and including redundant genes. From overlapping the SW and CNVnator datasets with the 
normalized depth based CNVs, I was able to substantiate a high proportion of the NBS 
genes (table 11). Even those CNVs not validated by the two other datasets appear to be 
accurate. For example, figure 2 depicts read depth variation for the NBS gene, 
GRMZM5G819919, which was not supported by SW or CNVnator, but was called an upCNV 
in PH207 (read depth = 2.26) and a downCNV in PHJ40 (read depth = 0.054). Closer 
inspection of the CNVnator output for this region in PH207, PHJ40, and B73 presented in 
figure 3 seems to support the normalized depth call despite the lack of a CNVnator call. One 
caveat to the CNVnator based method is that CNV calls are made irregardless of gene 
coordinates, as opposed to the normalized depth based CNV calls, which are calculated for 
the full length of the gene. This may be a reason why seemingly clear CNV events such 
GRMZM5G819919, were not validated by this CNV call set.  
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In contrast to the NBS genes, only one of the 109 housekeeping genes was called a CNV 
across all of the inbreds. Interestingly however, we find higher levels of CNV in the zein 
genes than expected. 14 of the 29 total zein genes were called a CNV in at least one inbred. 
Upon comparison with the datasets from SW and the CNVnator based calls, only 3 of the 14 
could be further substantiated.  The lack of corroboration along with our biological 
knowledge about the zein gene family leads me to believe that a portion are likely false 
positives. Specifically there were a relatively high number of upCNV calls in DAS1 and DAS2 
(5 in each) for consecutively occurring zein genes, which might indicate a local sequencing 
bias.  Another factor to consider is the two DAS lines had nearly half the sequence depth 
coverage (10x<) of the other lines in this study. It is worth noting, however that the B73 
depths in these genic regions (see table 14 and table 15) were at the expected values which 
reduces the likelihood that all of the variation indicated was the result of PCR or other bias. 
Further, the three zein CNV calls that were supported by SW and CNVnator indicate that 
some level of instability, albeit small, may exist.    
Considering the different technologies used, there was a relatively high level of 
agreement between SW and this experiment. In general, 50% of the SW calls for both down 
and up CNV calls were also included as calls in the normalized depth dataset (table 11). The 
results of the GO analysis were also complementary to previous analyses. In the list of the 
top 50 GO terms for the genes called downCNVs there were numerous connections to 
abiotic/biotic tolerance: apoptosis, defense response, response to wounding, and response 
to stress. The top 50 GO terms for genes called upCNVs included more basic cellular 
processes like electron transport chain and cellular respiration. Complete results for the GO 
analysis are provided in tables 16 and 17. 
At the time of this analysis, I also received access to the newly assembled genome of 
inbred PH207, one of the ex-PVP lines in this study, and its comparative alignment to the 
B73 reference genome. This provided collaboration of the aforementioned PH207 CNV 
calls. Specifically there were 712 upCNVs (more copies in PH207 than B73) based on the 
PH207 reference genome compared to my 1,059 upCNVs using normalized read depth. The 
numbers for downCNVs (more copes in B73 than PH207) were similarly close: 1,922 based 
on the PH207 reference and my 1,746 downCNV calls from the normalized depths (Mikel, 
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unpublished data, 2014). These global numbers provided additional assurance that the 
cutoffs chosen were appropriate.  
The relatively small number of NBS domain containing genes, facilitated using a web 
browser loaded with both B73 and PH207 genomes to manually inspect and confirm 14 of 
the 16 original normalized depth based PH207 CNV/PAV calls. Further, I was able to 
visualize the read density pattern for alignment of all other inbreds in this study to the B73 
reference in these gene regions. The pattern of variation for the NBS gene, 
GRMZM2G143769, between PH207 and B73 is shown in figure 4. The blue block represents 
the genic area while the green stripe on the track below shows that this gene is believed 
absent in PH207 but present in B73. The short blocks above the gene track represent 
mapping reads (in this case incorrectly mapped reads), with the colors signifying 
discordant pairs. From the lack of PH207 mapping reads to this gene model, my CNV call 
for PH207 in this region is confirmed. 
An additional example provided is the NBS gene GRMZM2G098677 that also appears 
absent from PH207 in figure 5. This locus is an interesting example because the absence 
event appears variable among the other lines based on sequencing depth (figure 6); 
besides PH207 this gene appears to be missing from LH82, PHG35, and PHG47 but present 
in all other studied inbreds. Based on SNP genotyping performed as part of a 
complimentary experiment I also observed allelic series for this region. Shown in figure 7, 
the inbreds missing GRMZM2G098677 all share the same “red” allele, while B73, PHG84, 
and PHJ40 all share an alternate allele and PHG39 displays a third allele. Given what we 
know about the backgrounds of these inbreds- PH207 is an Iodent, PHG35’s grandparent 
G3BD2 is a parent of PH207, LH82 contains a large amount of Iodent, and PHG47 is 1/8 
Iodent, it appears that this locus is part of a larger region inherited through Identity-by-
descent.  
One of the most intriguing findings was a 400+ kb region on chromosome 10 that 
appears to be completely absent from multiple inbreds (shown in figure 8 and figure 9). 
Interestingly, this region harbors 7 genes with NBS domains and two genes annotated as 
rust resistance Rp1-like proteins. Table 18 provides specific information on the depths of 
each gene in the region, where dashes correspond to depths above the threshold required 
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to call a down CNV (0.5). From table 18, it’s clear that the region is variable from B73 to the 
other inbreds, yet GRMZM2G003625 and GRMZM2G061742 do not show any evidence of 
CNV based on the normalized depths. Closer inspection of GRMZM2G00365 and 
GRMZM2G061742 shows that the depths for most inbreds are only slightly above the cutoff 
threshold, which indicates they could be false negatives. Shown in figure 9 is the same 
region on the PH207 assembly clearly shows the entire region as part of a PAV event 
(marked by the solid green line). The presence of a PAV call in the high coverage PH207 
assembly is a strong indicator that entire region is absent despite the presence of mapped 
reads in two of the genes.  
The figures mentioned above include examples in which a particular gene appears to 
be completely gone, however I also observed instances in which a gene copy number was 
increased in some inbreds. In figure 10 we see the region containing NBS gene 
GRMZM2G142680 in which the copy number for this particular gene is elevated in PH207, 
LH82, and PHG35. The normalized read-depth for PH207 is 2.52 as opposed to 0.90 in B73.  
A closer view of this region on the PH207 reference genome allowed us to determine this 
gene has triplicated. Two additional copies of GRMZM2G142680 are downstream of the 
original region on chromosome 10. Attached in figure 11 is a view of GRMZM2G142680 on 
the PH207 de novo assembly.  Depicted on the middle-track are the PH207 scaffold 
alignments, which clearly show two of three copies.  Another interesting aspect of this gene 
is a paralog on chromosome 2- GRMZM2G076474 (72% homology), which happens to be 
present in more copies in the inbreds PHG84 and LH82 but a downCNV (fewer copies than 
B73) in PHG35 and PHG39 (see figure 12).  This example highlights the extreme levels of 
instability in NBS genes. While a high-quality assembly for the other inbreds was not 
available, it was clear from the visualization process that the sequencing depth and CNV 
detection methods completed as part of this project were appropriate to accurately call 
both up and down CNVs. 
Despite the successful methodology used in this study, I suspect that future work will 
incorporate improved strategies. Looking into the future I believe that constructing a rough 
de novo assembly for each genotype and aligning it to a reference genome will ultimately be 
the best way to accomplish identification of dispensable genes. This will be especially 
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helpful with the upcoming releases of additional maize reference genomes and increased 
sequencing read length, and reduced sequencing cost. 
There is precedent for CNV generating alternate phenotypes, many of which have 
important implications for evolutionary fitness; aluminum tolerance in maize conferred by 
additional copies at the MATE1 locus is an example of such an advantage. Other cases 
include the addition of tandem gene copies at Rhg1 locus in soybean being responsible for 
higher levels of soybean cyst nematode resistance (Cook et al., 2012), four times the wild-
type number of copies at the Bot1 gene copies providing boron toxicity tolerance in barley 
(Sutton et al., 2007), along with accelerated flowering time associated with copy number 
gain (Nitcher et al., 2013), and finally a CNV contributing to glyphosate resistance in 
Amaranthus palmeri again a result of copy number gain (Gaines et al., 2010). It’s tempting 
to conclude that an increase in R-gene copy number will directly result in enhanced 
resistance.  
 Assuredly this belief that an increase in copy number will invariably generate 
enhanced R-gene expression and thus, enhanced resistance, is naïve. It is instead necessary 
to consider the intricate genomic regulation of R-genes. In the case of transposons, 
helitrons carry exon duplications that when inserted into an R-gene cluster result in 
reprogrammed gene expression. There are certainly examples of how transduplication has 
resulted in beneficial new phenotypes, however the vast majority of insertions lead to 
deleterious effects. Thus, one can imagine the scenario where an additional copy is inserted 
in a key promoter region of a gene cluster and effectively inhibits transcription. A different 
scenario might involve extra copies recruiting small RNAs that degrade the transcripts 
derived from R-genes at multiple loci and in effect suppress rather than augment the 
resistance response. 
In the presented work, I have shown that substantial levels of structural variation are 
present in elite maize germplasm and uncovered sources of variation in genes related to 
defense response. Looking ahead, future work will attempt to shed light on the phenotypic 
consequences of the variation discovered in this experiment. The fruit of the experiment 
presented herein is a valuable point from which further insights may be attained.  
Ultimately the value behind any approach will be measured by its utility in breeding. The 
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enhancement of abiotic/biotic stress tolerance will likely require both major and minor 
resistance genes, however durable resistance will likely be the result of many minor genes 
conferring partial resistance. Continued technological innovations in sequencing, 
bioinformatics tools, and phenotyping, along with the completion of additional reference 
genomes will be critical in order to more fully leverage the incredible genetic diversity 
present in maize. 
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TABLES 
 
Table 1. Germplasm. The inbred lines chosen included were chosen because they were identified by Mikel and Dudley, 2006 
as representative of North American contemporary proprietary maize germplasm. In addition two elite maize lines from Dow 
AgroSciences were also analyzed, however since they are under patent protection their lineage is not known 
 
 
 
 
 
 
 
 
 
 
 
 
  
Germplasm 
Genotype Classification Derivation Accession 
B73 Stiff Stalk Iowa Stiff Stalk Synthetic C5 PI 550473 
LH82 Non-Stiff Stalk Holden line 610 x LH7 PI 601170 
PH207 Non-Stiff Stalk PHG3BD2 x PHG3RZ1 PI 601005 
PHG35 Non-Stiff Stalk PHG3BD2 x PH595 PI 601008 
PHG39 Stiff Stalk PHA33GB4 x PHA34CB4 PI 600981 
PHG47 Non-Stiff Stalk PH041 x MKSDTE C10 PI 601320 
PHG84 Non-Stiff Stalk PH848 x PH595 PI 601321 
PHJ40 Stiff Stalk PHB09 x PHB36 PI 601322 
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Table 2. Sequencing metrics and initial alignment. Sequencing was completed in 2013 at Dow AgroSciences on an Illumina 
HiSeq 2000. Reads were paired-end (2x100nt) on a 300 nucleotide fragment. 
 
 
  
Category B73 DAS1 DAS2 LH82 PH207 PHG35 PHG39 PHG47 PHG84 PHJ40 
Raw 
Total reads 
(million) 
460 231 222 535 506 435 300 449 508 480 
Depth 
(2.2GB) 
20.91 10.52 10.10 24.32 23.03 19.76 13.64 20.41 23.10 21.82 
QC 
Total reads 
(million) 
447 217 195 520 494 423 292 436 491 465 
QC 
reduction 
(million) 
13 14 27 15 12 12 9 13 17 15 
Depth 20.34 9.87 8.85 23.64 22.47 19.22 13.25 19.84 22.33 21.13 
Novoalign -- Aligned 
Total 
(million) 
439 206 188 495 471 409 280 416 468 444 
% Aligned 98% 95% 96% 95% 95% 97% 96% 95% 95% 95% 
Novoalign -- Unaligned 
Discordant 
(million) 
2 4 817,957 9 10 2 5 8 10 9 
Both 
Unmapped 
(million) 
6 7 6 15 13 12 7 12 14 12 
Total 
(million) 
8 11 7 25 23 14 12 20 23 21 
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Category k=31 k=33 k=35 k=39
Number of contigs 158819 177260 209071 210914
Total size of contigs 68382304 72432767 81433969 81117642
Longest contig 6948 6309 5529 4345
Shortest contig 200 200 200 200
Number of contigs > 1K nt 8603 7763 6875 5336
Number of contigs > 10K nt 0 0 0 0
Mean contig size 431 409 390 385
Median contig size 315 303 303 310
N50 contig length 483 445 405 399
DAS1
Category k=31 k=33 k=37 k=45 k=31 k=33 k=39 k=47 k=31 k=33 k=37 k=45
Number of contigs 30335 31216 40964 39867 177685 200222 259776 240920 135028 181849 237090 214056
Total size of contigs 18665485 19807967 25279833 25002090 89501415 98725820 127095989 119158816 64977372 78334839 98307340 87930687
Longest contig 10058 11643 9749 8215 10315 11883 11448 9512 8455 6836 7370 6214
Shortest contig 200 200 200 200 200 200 200 200 200 200 200 200
Number of contigs > 1K nt 4659 5026 6244 6350 17076 18452 22454 21024 10349 10368 10537 8461
Number of contigs > 10K nt 1 2 0 0 1 3 0 0 0 0 0 0
Mean contig size 615 635 617 627 504 493 489 495 481 431 415 411
Median contig size 364 383 391 401 344 334 343 349 350 308 313 317
N50 contig length 892 909 843 861 620 599 570 574 570 488 444 437
Category k=31 k=33 k=35 k=39 k=31 k=33 k=35 k=39 k=31 k=33 k=35 k=39
Number of contigs 176649 203007 248126 260687 112851 116222 163356 166202 176914 200544 242692 319262
Total size of contigs 89330875 99350555 118515240 127177563 55120052 57201243 74388662 78958422 88011603 97226823 115769854 144687157
Longest contig 9537 9425 8336 8760 11688 9766 8624 9230 10830 11571 7785 8602
Shortest contig 200 200 200 200 200 200 200 200 200 200 200 200
Number of contigs > 1K nt 16592 18044 20268 21774 9118 9609 11032 12463 15909 17215 19706 21956
Number of contigs > 10K nt 0 0 0 0 1 0 0 0 1 1 0 0
Mean contig size 506 489 478 488 488 492 455 475 497 485 477 453
Median contig size 354 335 332 345 346 347 322 340 351 335 332 322
N50 contig length 618 595 561 573 572 581 511 543 603 586 561 509
Category k=31 k=33 k=39 k=47 k=31 k=33 k=35 k=39 k=31 k=33 k=35 k=39
Number of contigs 184973 213940 283098 262085 165324 208985 261520 284170 54122 70488 80937 81596
Total size of contigs 92587036 103811603 135971527 128102197 86927063 102476681 124532827 138403655 26488192 30753713 34837694 35657827
Longest contig 10351 9736 10079 9325 10300 9550 10022 8996 7712 5388 5594 7925
Shortest contig 200 200 200 200 200 200 200 200 200 200 200 200
Number of contigs > 1K nt 17105 18700 22990 22144 17203 18959 21882 24584 4415 4050 3996 3689
Number of contigs > 10K nt 1 0 1 0 1 0 1 0 0 0 0 0
Mean contig size 501 485 480 489 526 490 476 487 489 436 430 437
Median contig size 348 329 336 344 375 333 325 336 348 320 330 347
N50 contig length 609 590 561 574 651 599 564 576 566 475 459 468
PH207 PHG39B73
PHJ40 PHG35 PHG47
PHG84 LH82 DAS2
Table 3. de novo assembly metrics. Statistics related to the individual de novo Velvet kmer assemblies. Each kmer assembly 
was later merged using PHRAP.  
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Post-velvet B73 DAS1 DAS2 LH82 PH207 PHG35 PHG39 PHG47 PHG84 PHJ40 Totals
Number of contigs 142,382 756,064 287,143 919,999 878,603 558,631 768,023 939,412 944,096 888,469 7,082,822
Post-Phrap B73 DAS1 DAS2 LH82 PH207 PHG35 PHG39 PHG47 PHG84 PHJ40
Number of contigs 30,419 172,503 71,404 133,421 188,765 129,629 165,554 201,486 197,654 196,267 1,487,102
Blat to Ref2 B73 DAS1 DAS2 LH82 PH207 PHG35 PHG39 PHG47 PHG84 PHJ40
Completely unmapped 8,181 82,492 29,913 40,904 60,453 71,665 65,278 68,313 61,526 64,614 553,339
Paritally mapped 22,238 90,011 41,491 92,517 128,312 57,964 100,276 133,173 136,128 131,653 933,763
Partially mapped and filtered 17,053 62,087 29,343 63,118 86,806 42,099 71,181 88,767 92,153 86,174 638,781
Total after filtering 25,234 144,579 59,256 104,022 147,259 113,764 136,459 157,080 153,679 150,788 1,192,120
Total percent reduced 17.05% 16.19% 17.01% 22.03% 21.99% 12.24% 17.57% 22.04% 22.25% 23.17% 19.84%
Cat all blat contigs
Repeat masker B73 DAS1 DAS2 LH82 PH207 PHG35 PHG39 PHG47 PHG84 PHJ40
Number of contigs remaining 4,546 50,462 19,090 26,008 38,537 37,761 42,534 42,369 39,463 39,587 340,357
Blat to Ref3 B73 DAS1 DAS2 LH82 PH207 PHG35 PHG39 PHG47 PHG84 PHJ40
Completely unmapped 1,961 30,225 10,057 10,523 17,036 25,059 21,283 19,509 17,473 17,800 170,926
Partially mapped 2,585 20,237 9,033 15,485 21,501 12,702 21,251 22,860 21,990 21,787 169,431
Partially mapped and filtered 2,326 19,473 8,373 15,243 21,273 12,314 20,771 22,509 21,747 21,515 165,544
Total after filtering 4,287 49,698 18,430 25,766 38,309 37,373 42,054 42,018 39,220 39,315 336,470
Total percent reduced 5.70% 1.51% 3.46% 0.93% 0.59% 1.03% 1.13% 0.83% 0.62% 0.69% 1.14%
Cat all blat contigs
CD-HIT B73 DAS1 DAS2 LH82 PH207 PHG35 PHG39 PHG47 PHG84 PHJ40
Number of contigs 1,393 9,577 3,372 6,280 7,649 7,220 7,016 7,697 7,644 7,393 65,241
Number of clusters
AVR contigs/cluster 2.63
28,823
1,192,120
336,470
Table 4. Additional alignments and metrics for downstream bioinformatics analysis. In each step, the number of contigs were 
reduced as they were aligned to the reference genome, repetitive elements were filtered, and redundant sequences were 
clustered.   
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Table 5.  Total contig lengths. Breakdown of the number of base pairs that make up the unmapped and partially mapped 
contigs.  Numbers derived from the output of the final BLAT alignment to B73 AGPv3. 
 
 
 
Number of contigs Average length Total length 
 Unmapped 
Partially 
mapped 
Total Unmapped 
Partially 
mapped 
Unmapped 
Partially 
mapped 
Total 
B73 1,961 2,326 4,287 585 1,095 1,147,505 2,546,029 3,693,534 
DAS1 30,225 19,473 49,698 462 676 13,954,971 13,159,282 27,114,253 
DAS2 10,057 8,373 18,430 524 665 5,268,101 5,569,158 10,837,259 
LH82 10,523 15,243 25,766 511 823 5,372,673 12,552,512 17,925,185 
PH207 17,036 21,273 38,309 481 817 8,196,477 17,374,464 25,570,941 
PHG35 21,283 20,771 42,054 492 746 10,470,360 15,503,912 25,974,272 
PHG39 21,283 20,771 42,054 492 746 10,470,360 15,503,912 25,974,272 
PHG47 19,509 22,509 42,018 459 776 8,949,012 17,471,398 26,420,410 
PHG84 17,473 21,747 39,220 470 818 8,211,984 17,782,686 25,994,670 
PHJ40 17,800 21,515 39,315 460 787 8,180,447 16,935,676 25,116,123 
Total 170,926 165,544 336,470 481 771 82,149,561 127,615,860 209,765,421 
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Table 6. Motifs identified via MEME. Common R-gene motifs were derived from training sets built based on known NBS R-
genes. Once the models were built with MEME, they were used to search the unmapped and partially mapped contigs for 
putative R-genes.  
 
MEME derived motifs 
Translation Consensus Meme Motif Meyers et al., 2003 Motif E-Value 
P-Loop IVGMGG[IL]GKTTLA[RQ]K[VL]YNDxR VGIYGMGGVGKTTLARQIF 1.0E-428 
MHDV xCR[MV]HD[LVM][VM][RHL][DE][LF][AC]LS[KL][SA][KR]EENF VKMHDVVREMALWIA 1.60E-204 
RNBS-A [CL]RAWV[CT][VI]SQ[EN][FYP]DVKK[IVL]L[RK]D[IL]L VKxGFDIVIWVVVSQEFTLKKIQQDILEK 5.80E-151 
Kin-2 [VI][LI]DD[VI]WDE KRFLLVLDDIW 2.30E-114 
RNBS-B [IV][IL][LV]T[TS]RNxEVAxx[CM]G NGCKVLFTTRSEEVC 3.50E-134 
RNBS-C [YH]x[LM]xPL[SN]x[DE][ED]SWEL[FL]xK[KR][AVI]Fx KVECLTPEEAWELFQRKV 3.30E-132 
GLPL KCGGLPLA[ILA]K[TV][IL][GA][GS]LL[ARS]xKxK EVAKKCGGLPLALKVI 7.80E-277 
RNBS-D LPSHL[KR]xC[FL]LY[CL][SA][IL][FY]P[EK]DYRI CFLYCALFPEDYEIxKEKLIDYWIAEGFI 8.70E-151 
LDL [motif 
1] 
L[IK]HLRYL[DN]LSGTx[IV]x[KE]LPxSI IGNLVHLRYLDLSYTGITHLPYGLGNLKKLIYLNL 1.10E-149 
pre-NB 
EDVID 
[VIL]R[ED][LV][AS]YD[IA][ED]DV[VLI]D[ES]F DAAYDAEDVIDSFKYHA 5.30E-107 
[motif 8] 
END 
FPxL[EK]VLx[IL]x[GN]CPKLE LHTITIWNCPKLKKLPDGICF 1.40E-41 
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Table 7. Candidate R-gene list. A working list of putative R-genes absent from B73 but present in other inbreds.  The high 
confidence set is supported by three sources of evidence (tBLASTx annotation, MEME e-values, IPRscan annotation), the 
medium confidence set by 2 of 3, and the low-confidence set by 1 of 3.  
High Confidence 
ID 
% 
Unma-
pped 
Contig 
length 
BLAST 
accession 
Hit description 
e-
value 
Bit 
score 
Motif e-
value 
Motifs 
g84_178172 83 3017 AAX31149.1 
RXO1 disease 
resistance protein [Zea 
mays] 
0 337 
0.00000
05 
1,15,2,7,6 
das2_63925 89 704 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
1.00E-
57 
224 
4.40E-
27 
4,2,13,3,9 
ph207_180490 92 300 
XP_004980027.
1 
disease resistance 
protein RGA2-like 
isoform X1 [Setaria 
italica] 
4.00E-
95 
311 
7.20E-
39 
3,13,9,2,6,
4,7,15 
b73_13462 81 3850 
XP_004980910.
1 
putative disease 
resistance protein 
RGA1-like [Setaria 
italica] 
2.00E-
75 
206 
5.70E-
42 
4,6,15,10,1
,8,3,9,13,7,
2 
j40_163712 72 2218 
XP_004980910.
1 
putative disease 
resistance protein 
RGA1-like [Setaria 
italica] 
3.00E-
75 
204 
1.73E-
15 
4,6,15,10,1
,8,3,2 
g39_148821 95 2943 
XP_004980910.
1 
putative disease 
resistance protein 
RGA1-like [Setaria 
italica] 
3.00E-
49 
199 
1.50E-
24 
13,3,9,4,8,
1,10 
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Table 7. (cont.) 
 
Motif Key- 1: P-Loop; 6: MHDV; 8: RNBS-A; 3: Kin-2; 9: RNBS-B; 13: RNBS-C; 2: GLPL; 4: RNBS-D; 7: LDL; 10: pre-NB EDVID; 
15: [motif 8] END  
ID 
%_Unma
pped 
Contig 
length 
BLAST 
accession 
Hit description 
e-
value 
Bit 
score 
Motif e-
value 
Motifs 
das1_124431 100 301 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
9.00E-
44 
176 
1.10E-
09 
13,3,9 
g35_75505 100 484 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
2.00E-
41 
169 
0.00000
0051 
13,3,9 
g84_65866 81 1404 AAX31149.1 
RXO1 disease 
resistance protein [Zea 
mays] 
4.00E-
87 
307 
3.70E-
22 
10,7,1,8,3 
ph207_140088 80 771 AAX31149.1 
RXO1 disease 
resistance protein [Zea 
mays] 
3.00E-
95 
349 
1.90E-
28 
3,8,1,10 
g84_160973 100 574 AAX31149.1 
RXO1 disease 
resistance protein [Zea 
mays] 
1.00E-
90 
333 
5.30E-
22 
2,8,1 
g35_57492 100 663 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
8.00E-
26 
118 
0.00000
048 
13,3,9, 
g39_52538 100 456 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
1.00E-
31 
136 
2.30E-
10 
2,13,3,9 
lh82_125358 98 3460 
XP_004980910.
1 
putative disease 
resistance protein 
RGA1-like [Setaria 
italica] 
4.00E-
51 
206 
1.50E-
17 
10, 1, 8, 
4,3, 9, 13 
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Table 7. (cont.) 
  
Medium Confidence 
ID 
% 
Unmap-
ped 
Contig 
length 
BLAST accession Hit description 
e-
value 
Bit 
score 
Motif e-
value 
Motifs 
g84_178172 83 3017 AAX31149.1 
RXO1 disease 
resistance protein 
[Zea mays] 
0 337 
0.0000
005 
1,15,2,7,6 
das2_63925 89 704 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
1E-57 224 4.4E-27 4,2,13,3,9 
ph207_180490 92 300 XP_004980027.1 
disease resistance 
protein RGA2-like 
isoform X1 [Setaria 
italica] 
4E-95 311 7.2E-39 
3,13,9,2,6,
4,7,15 
b73_13462 81 3850 XP_004980910.1 
putative disease 
resistance protein 
RGA1-like [Setaria 
italica] 
2E-75 206 5.7E-42 
4,6,15,10,1
,8,3,9,13,7,
2 
j40_163712 72 2218 XP_004980910.1 
putative disease 
resistance protein 
RGA1-like [Setaria 
italica] 
3E-75 204 
1.73E-
15 
4,6,15,10,1
,8,3,2 
g39_148821 95 2943 XP_004980910.1 
putative disease 
resistance protein 
RGA1-like [Setaria 
italica] 
3E-49 199 1.5E-24 
13,3,9,4,8,
1,10 
das1_124431 100 301 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
9E-44 176 1.1E-09 13,3,9 
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Table 7. (cont.) 
 
Motif Key- 1: P-Loop; 6: MHDV; 8: RNBS-A; 3: Kin-2; 9: RNBS-B; 13: RNBS-C; 2: GLPL; 4: RNBS-D; 7: LDL; 10: pre-NB EDVID; 
15: [motif 8] END 
  
ID 
% 
Unmap-
ped 
Contig 
length 
BLAST accession Hit description 
e-
value 
Bit 
score 
Motif 
e-value 
Motifs 
g35_75505 100 484 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
2E-41 169 
0.0000
00051 
13,3,9 
g84_65866 81 1404 AAX31149.1 
RXO1 disease 
resistance protein 
[Zea mays] 
4E-87 307 
3.7E-
22 
10,7,1,8,3 
ph207_140088 80 771 AAX31149.1 
RXO1 disease 
resistance protein 
[Zea mays] 
3E-95 349 
1.9E-
28 
3,8,1,10 
g84_160973 100 574 AAX31149.1 
RXO1 disease 
resistance protein 
[Zea mays] 
1E-90 333 
5.3E-
22 
2,8,1 
g35_57492 100 663 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
8E-26 118 
0.0000
0048 
13,3,9, 
g39_52538 100 456 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
1E-31 136 
2.3E-
10 
2,13,3,9 
lh82_125358 98 3460 XP_004980910.1 
putative disease 
resistance protein 
RGA1-like [Setaria 
italica] 
4E-51 206 
1.5E-
17 
10, 1, 8, 4, 
3, 9, 13 
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Table 7. (cont). 
 
Low Confidence 
ID 
% 
Unmap-
ped 
Contig 
length 
BLAST accession Hit description 
e-
value 
Bit 
score 
Motif e-
value 
Motifs 
das1_111549 82 300 AFW74441.1 
hypothetical protein 
ZEAMMB73_372251 
[Zea mays]. 
2E-38 159 0.0011 7,15 
das1_18083 100 485 DAA41570.1 
TPA: hypothetical 
protein 
ZEAMMB73_691485 
[Zea mays]. 
2E-61 235 4.3E-10 15,7,6 
g35_575 100 366 DAA41570.1 
TPA: hypothetical 
protein 
ZEAMMB73_691485 
[Zea mays]. 
4E-45 181 0.0032 15,7 
g39_91818 100 500 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
7E-32 99.4 0.0009 9,13,2 
g84_188970 83 1738 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
1E-35 151 0.0076 13,3,9,10 
ph207_89107 100 416 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
2E-35 149 0.003 13,3,9 
ph207_64740 100 481 AAC83566.1 
disease resistance 
gene analog PIC18 
[Zea mays] 
6E-30 131 0.016 3,9,13 
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Table 7. (cont.) 
 
 
 
Motif Key- 1: P-Loop; 6: MHDV; 8: RNBS-A; 3: Kin-2; 9: RNBS-B; 13: RNBS-C; 2: GLPL; 4: RNBS-D; 7: LDL; 10: pre-NB EDVID; 
15: [motif 8] END 
  
ID 
% 
Unmap-
ped 
Contig 
length 
BLAST accession Hit description 
e-
value 
Bit 
score 
Motif e-
value 
Motifs 
g39_7725 96 1610 DAA41570.1 
TPA: hypothetical 
protein 
ZEAMMB73_691485 
[Zea mays]. 
7E-177 622 0.0032 15 
j40_179955 95 1790 DAA41570.1 
TPA: hypothetical 
protein 
ZEAMMB73_691485 
[Zea mays]. 
0 691 0.0053 15 
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Table 8.  Normalized depth based CNV counts. The counts were found by using two different normalized depth ratio cutoff 
thresholds in both the Working Gene Set and Filtered Gene Set AGPv2.16 maize gene sets. Down indicates less copies in the 
queried inbred than B73, while Up indicates more copies in the queried inbred than B73.  
 
 Lenient cutoff Stringent cutoff 
 WGS (63331) FGS (39450) WGS (63331) FGS (39450) 
Sample Up  (1.5) Down (0.50) Up (1.5) 
Down 
(0.50) 
Up (1.75) 
Down 
(0.25) 
Up (1.75) 
Down 
(0.25) 
DAS1 4,493 8,878 1,796 3,556 2,590 5,118 978 1,803 
DAS2 9,336 2,869 5,008 1,148 4,160 1,823 1,906 692 
LH82 3,358 12,700 1,470 5,964 2,763 5,724 1,195 1,834 
PH207 4,529 8,605 1,934 3,388 2,587 4,956 1,059 1,746 
PHG35 4,539 8,832 2,023 3,431 2,447 5,194 1,028 1,814 
PHG39 4,100 9,029 1,762 3,597 2,157 5,054 854 1,820 
PHG47 3,457 10,799 1,453 4,671 2,026 5,755 822 2,093 
PHG84 4,725 9,102 2,076 3,563 2,680 5,362 1,138 1,893 
PHJ40 5,144 8,280 2,326 3,256 2,007 5,059 876 2,085 
Non-redundant 
total 
19,207 24,302 9,528 10,928 10,894 14,565 4,837 5,468 
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Table 9. CNVnator overlap. Comparison with the CNV call set produced via the tool- CNVnator. The calls derived from the 
normalized depth based methods that overlap with the CNVnator calls are considered to be of higher-confidence. CNVnator 
calls were filtered by requiring 1.5 fold change for upCNV and 0.667 fold change for downCNVs. Down indicates less copies in 
the queried inbred than B73, while Up indicates more copies in the queried inbred than B73. 
 
 CNVnator (FGS) Overlaps (FGS) 
Sample 
Up  
(1.5) 
Down 
(0.667) 
Up  
(1.50) 
Down 
(0.50) 
Up  
(1.75) 
Down 
(0.25) 
DAS1 10,510 1,077 182 127 88 48 
DAS2 230 741 56 40 26 12 
LH82 11,340 1,714 142 241 65 65 
PH207 4,414 2,497 159 201 76 66 
PHG35 8,790 1,560 234 140 90 52 
PHG39 11,933 1,002 263 112 107 31 
PHG47 10,125 1,602 121 235 67 72 
PHG84 9,157 1,559 239 147 102 59 
PHJ40 7,369 1,924 263 158 94 46 
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Table 10.  CNV call statistics for genes of interest. The numbers of CNV calls calculated is based on the normalized depth 
method with the two separate thresholds for comparison. Genes containing the NBS and zein  domains were determined via 
InterPro annotation. Genes of housekeeping function were selected from the list compiled by Sekhorn et al., (2011). 
 
 NBS (137) Housekeeping (109) Zein (29) 
 Lenient Stringent Lenient Stringent Lenient Stringent 
Sample 
Up 
(1.50) 
Down 
(0.50) 
Up 
(1.75) 
Down 
(0.25) 
Up 
(1.50) 
Down 
(0.50) 
Up 
(1.75) 
Down 
(0.25) 
Up 
(1.50) 
Down 
(0.25) 
Up 
(1.75) 
Down 
(0.25) 
DAS1 7 15 4 11 0 1 0 0 5 3 5 2 
DAS2 12 1 4 1 1 0 0 0 5 0 5 0 
LH82 6 15 5 9 2 1 0 0 3 1 2 2 
PH207 9 16 6 13 0 0 0 0 3 3 2 2 
PHG35 11 28 4 21 1 0 0 0 2 3 2 2 
PHG39 6 19 4 14 1 0 1 0 4 4 2 1 
PHG47 10 18 5 15 0 0 0 0 5 0 4 0 
PHG84 10 25 4 17 0 0 0 0 4 3 2 3 
PHJ40 15 12 6 4 1 0 0 0 3 2 2 2 
Non-
redundant 
total 
32 39 17 28 4 2 1 0 10 10 8 6 
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Table 11. Validation with previously published experiment. I took advantage of a previously published aCGH based 
publication (Swanson-Wagner et al., 2011) that used four of the same inbreds in our analysis to compare call values.  Further 
validation was performed using the separate CNV calls from the CNVnator dataset. The overlapping calls between the three 
datasets (normalized depth, SW, CNVnator) are considered high-confidence. Down indicates less copies in the queried inbred 
than B73, while Up indicates more copies in the queried inbred than B73. 
 
  
 NBS CNV validation 
 SW CNVnator SW+CNVnator 
Genotype Up Down Up Down Up Down 
LH82 0/5 4/9 5/5 6/9 5/5 6/9 
PHG39 0/4 4/14 1/4 4/14 1/4 4/14 
PHG84 0/4 10/17 2/4 6/17 2/4 14/17 
PHJ40 0/6 1/4 1/6 3/4 1/6 3/4 
 Zein CNV validation 
 SW CNVnator SW+CNVnator 
Genotype Up Down Up Down Up Down 
LH82 0/2 0/2 0/2 0/2 0/2 0/2 
PHG39 0/2 0/1 0/2 0/1 0/2 0/1 
PHG84 0/2 2/3 0/2 2/3 0/2 2/3 
PHJ40 0/2 0/2 0/2 1/2 0/2 1/2 
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Table 12. Pattern of variation for NBS downCNV genes. Values provided are for NBS genes that had a downCNV call in at least 
one of the inbreds. The normalized depth cutoff of 0.25 was used to declare CNVs. The dashes represent ratio that fell above 
the threshold. Note: through the process of normalization the numbers presented are based on the ratio of an inbred/B73 
read depth. 
 
Gene Chr Start Stop B73 DAS1 DAS2 LH82 PH207 G35 G39 G47 G84 J40 
AC152495.1_FG002 10 3280568 3284464 1 0.21 - - 0.24 0.20 0.25 0.21 - - 
AC152495.1_FG010 10 3369199 3373083 0.92 0.22 - - 0.25 0.25 0.08 0.24 0.19 - 
AC152495.1_FG015 10 3401150 3402412 1.18 0.02 - - 0.02 0.01 0.01 0.02 0.01 - 
AC152495.1_FG017 10 3438490 3441711 0.96 - - - - 0 0 - 0 - 
GRMZM2G005134 10 3980743 3986963 0.92 0 - - 0.10 0 0 0 0 0 
GRMZM2G038388 7 2831927
3 
28323150 0.84 - - - - 0.08 - - 0.10 - 
GRMZM2G069382 10 3569035 3587751 0.98 0.20 - 0.25 0.16 0.15 0.14 0.18 0.17 - 
GRMZM2G074496 2 2252274
31 
22523027
5 
0.95 0.20 - - 0.18 0.17 - - 0.13 - 
GRMZM2G076474 2 1133604
26 
11336367
8 
0.88 - - - - 0.09 0.11 - - - 
GRMZM2G081458 9 1433356
45 
14333718
6 
0.94 - - 0.23 - - - - - - 
GRMZM2G083258 10 3646298 3647374 0.89 0.09 - - 0.14 0.25 0.01 0.17 0.14 - 
GRMZM2G098677 10 9731526
6 
97319525 0.86 - - 0 0.01 0 - 0 - - 
GRMZM2G098697 10 9732424
0 
97328785 0.92 - - 0.01 0.05 0.03 - 0.04 - - 
GRMZM2G143769 10 3684166 3685815 0.84 0.06 - 0.23 0.07 0 0.01 0.07 0.01 - 
GRMZM2G311664 4 1911621 1917912 0.88 - - - - 0.10 - - 0.08 - 
GRMZM2G382273 7 2826580
4 
28270839 1.02 - - 0 - 0 - - 0.01 - 
GRMZM2G396357 2 2367415
97 
23674660
8 
0.94 0.05 - - - 0.02 0 - 0.01 - 
GRMZM2G397785 10 9736316
0 
97369329 0.95 - - 0 0.01 0 - 0.01 - - 
GRMZM2G403407 7 2559931 2561422 0.89 - - - - - 0.25 0.25 - - 
GRMZM2G443939 10 3698044 3703030 1.04 0.22 - - 0.21 0.14 0.14 0.17 0.16 - 
GRMZM2G450496 2 9710983
5 
97124968 0.91 - - - - - - 0.22 - - 
GRMZM2G452954 2 2304194
12 
23042114
6 
0.88 0 - 0 0 0 - 0 0 0 
GRMZM2G454718 5 5594952
7 
55951065 0.25 - - - - - - - - - 
GRMZM5G819919 10 2842742 2846127 0.92 - - - - - - - - 0.05 
GRMZM5G825192 7 9079107
1 
90792264 0.94 - - - - 0 - - 0 - 
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Table 12. (cont.) 
 
Gene Chr  Start Stop B73 DAS1 DAS2 LH82 PH207 G35 G39 G47 G84 J40 
GRMZM5G837251 2 2214763
06 
221479537 0.86 - 0.01 0 - 0 0 0 0 0 
GRMZM5G879178 10 3442110 3446793 0.98 - - - - - 0.25 - 0.25 - 
GRMZM5G896901 1 6576395
7 
65765479 0.22 - - - - - - - - - 
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Table 13. Pattern of variation for NBS upCNV genes. Values provided are for NBS genes that had an upCNV call in at least one 
of the inbreds. The stringent normalized depth cutoff of 1.75 was used to declare CNVs. The dashes represent ratio that fell 
below the threshold. Note: through the process of normalization the numbers presented are based on the ratio of an 
inbred/B73 read depth. 
 
Gene Chr Start Stop B73 DAS1 DAS2 LH82 PH207 G35 G39 G47 G84 J40 
AC152495.1_FG002 10 3280568 3284464 1 - - - - - - - - 1.91 
AC152495.1_FG010 10 3369199 3373083 0.92 - - - - - - - - 2.23 
AC230011.2_FG002 3 1138960
10 
113902317 0.91 1.98 2.04 3.22 - 1.86 2.09 2.93 - - 
GRMZM2G025903 4 4227942
5 
42280983 0.65 - 1.75 - - 2.06 - 1.77 - - 
GRMZM2G061742 10 3904402 3908700 0.99 - - - - - - - - 2.52 
GRMZM2G076474 2 1133604
26 
113363678 0.88 - - 3.02 - - - - 3.56 - 
GRMZM2G091696 5 5556232
6 
55571461 0.85 - - - 2.40 - 1.79 - - 1.75 
GRMZM2G142680 10 949 543
5 
94969104 0.9 - - 2.52 2.52 2.82 - - - - 
GRMZM2G180244 10 2049440 2055121 0.94 3.45 - 1.83 2.00 - 2.07 2.69 - - 
GRMZM2G180254 10 2124313 2130521 0.99 2.61 - 2.29 - - 2.62 2.18 - - 
GRMZM2G350841 10 5003131 5007545 0.89 - - - - - - - 2.80 - 
GRMZM2G448282 4 2408052 2410502 0.85 - - - - 3.28 - - 2.13 - 
GRMZM2G454718 5 5594952
7 
55951065 0.25 - 1.96 - 2.04 - - - 1.84 2.12 
GRMZM2G455321 4 1869322 1871082 0.67 - - - - - - 1.84 - - 
GRMZM2G521481 4 1763441
70 
176346628 0.85 - 2.06 - - - - - - - 
GRMZM5G819919 10 2842742 2846127 0.92 - - - 2.26 - - - - - 
GRMZM5G896901 1 6576395
7 
65765479 0.22 1.82 - - 2.00 - - - - 2.18 
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Table 14. Pattern of variation for Zein down CNV genes. Values provided are for NBS genes that had a downCNV call in at least 
one of the inbreds. The stringent normalized depth cutoff of 0.25 was used to declare CNVs. The dashes represent ratio that fell 
above that threshold. Note: through the process of normalization the numbers presented are based on the ratio of an 
inbred/B73 read depth. 
 
Gene Chr Start Stop B73 DAS1 DAS2 LH82 PH207 G35 G39 G47 G84 J40 
AF546188.1_FG003 7 1877888
2 
18779606 0.89 0 - - 0.01 0 - - 0 - 
GRMZM2G008341 4 299 222
3 
29923189 0.81 - - - - - - - - 0.06 
GRMZM2G008913 4 299 378
3 
29935053 0.99 - - - - - - - - 0.01 
GRMZM2G053120 4 5539789 5540927 0.91 - - - - - 0.21 - - - 
GRMZM2G088441 4 5089369 5090254 0.87 0.17 - - 0.20 0.14 - - 0.11 - 
GRMZM2G388461 4 5093411 5094367 0.86 - - - - - - - 0.21 - 
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Table 15. Pattern of variation for Zein upCNV genes. Values provided are for NBS genes that had an upCNV call in at least one 
of the inbreds. The stringent normalized depth cutoff of 1.75 was used to declare CNVs. The dashes represent ratio that fell 
below that threshold. Note: through the process of normalization the numbers presented are based on the ratio of an 
inbred/B73 read depth. 
 
 
Gene Chr Start Stop B73 DAS1 DAS2 LH82 PH207 G35 G39 G47 G84 J40 
AF546187.1_FG007 1 1619909
41 
16199166
6 
0.95 2.55 - - - - - 2.12 - - 
AF546188.1_FG001 7 1874494
3 
18745668 0.85 - - - - - - 1.76 1.88 - 
GRMZM2G008341 4 2992222
3 
29923189 0.81 - - 1.99 - - 1.85 - - - 
GRMZM2G044625 4 5117703 5118736 1.08 2.10 2.07 - 2.02 1.75 - 2.31 - 2.33 
GRMZM2G045387 4 5122891 5123921 0.92 1.91 2.29 - - - - - - - 
GRMZM2G088365 4 5078343 5079419 0.79 2.46 2.37 2.09 2.49 2.24 2.06 1.81 1.76 2.43 
GRMZM2G388461 4 5093411 5094367 0.86 - 1.78 - - - - - - - 
GRMZM2G397687 4 2131231
0 
21313379 0.72 1.79 1.97 - - - - - - - 
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Table 16. downCNV GO analysis. Top 50 GO accessions from all genes called a downCNV in 
at least one of the inbreds from the stringent (0.25) normalized depth analysis.  
GO 
accession 
Term 
Number 
in input 
Number 
in ref. 
pvalue FDR 
GO:0022900 electron transport chain 27 135 2.10E07 6.40E05 
GO:0012501 programmed cell death 25 140 3.60E06 0.00036 
GO:0006915 apoptosis 25 140 3.60E06 0.00036 
GO:0016265 death 26 158 8.40E06 0.00051 
GO:0008219 cell death 26 158 8.40E06 0.00051 
GO:0051258 protein polymerization 20 113 3.60E05 0.0018 
GO:0065003 
macromolecular complex 
assembly 
60 593 6.10E05 0.0023 
GO:0006091 
generation of precursor 
metabolites and energy 
52 487 5.40E05 0.0023 
GO:0022607 cellular component assembly 61 613 8.20E05 0.0027 
GO:0006952 defense response 52 500 9.90E05 0.003 
GO:0034622 
cellular macromolecular complex 
assembly 
41 372 0.00017 0.0047 
GO:0043933 
macromolecular complex subunit 
organization 
60 623 0.00021 0.0052 
GO:0019684 photosynthesis, light reaction 10 40 0.00032 0.0073 
GO:0009767 
photosynthetic electron transport 
chain 
9 33 0.00037 0.0078 
GO:0022904 
respiratory electron transport 
chain 
14 78 0.00045 0.0085 
GO:0042773 
ATP synthesis coupled electron 
transport 
12 59 0.00043 0.0085 
GO:0006461 protein complex assembly 41 396 0.00056 0.0093 
GO:0070271 protein complex biogenesis 41 396 0.00056 0.0093 
GO:0043623 cellular protein complex assembly 21 156 0.00069 0.01 
GO:0044085 cellular component biogenesis 63 697 0.00068 0.01 
GO:0034621 
cellular macromolecular complex 
subunit organization 
41 402 0.00073 0.01 
GO:0007047 cellular cell wall organization 5 10 0.00091 0.012 
GO:0006119 oxidative phosphorylation 22 173 0.001 0.013 
GO:0006412 translation 98 1213 0.001 0.013 
GO:0009611 response to wounding 33 315 0.0015 0.018 
GO:0045229 
external encapsulating structure 
organization 
5 12 0.0017 0.02 
GO:0009605 response to external stimulus 34 333 0.0019 0.022 
GO:0016043 cellular component organization 72 869 0.0025 0.027 
GO:0015979 photosynthesis 16 121 0.0033 0.035 
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Table 16. (cont.) 
 
GO 
accession 
Term 
Number 
in input 
Number 
in ref. 
pvalue FDR 
GO:0007166 
cell surface receptor linked 
signaling pathway 
56 653 0.0037 0.037 
GO:0007186 
G-protein coupled receptor protein 
signaling pathway 
55 645 0.0045 0.043 
GO:0006950 response to stress 167 2374 0.0065 0.061 
GO:0023033 signaling pathway 58 705 0.0071 0.065 
GO:0045333 cellular respiration 14 111 0.0084 0.074 
GO:0050896 response to stimulus 181 2627 0.0098 0.084 
GO:0007018 microtubule-based movement 18 168 0.013 0.11 
GO:0070882 
cellular cell wall organization or 
biogenesis 
6 32 0.016 0.13 
GO:0055114 oxidation reduction 131 1881 0.02 0.15 
GO:0007017 microtubule-based process 21 217 0.021 0.16 
GO:0032259 methylation 9 69 0.026 0.2 
GO:0034728 nucleosome organization 20 213 0.031 0.21 
GO:0065004 protein-DNA complex assembly 20 213 0.031 0.21 
GO:0006730 one-carbon metabolic process 10 82 0.028 0.21 
GO:0031497 chromatin assembly 20 213 0.031 0.21 
GO:0006334 nucleosome assembly 20 213 0.031 0.21 
GO:0006323 DNA packaging 20 214 0.032 0.21 
GO:0010467 gene expression 261 4065 0.04 0.25 
GO:0015980 
energy derivation by oxidation of 
organic compounds 
14 140 0.043 0.27 
GO:0051259 protein oligomerization 13 128 0.045 0.27 
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Table 17. upCNV GO analysis. Top 50 GO accessions from all genes called an upCNV in at 
least one inbred from in the stringent (1.75) normalized depth analysis. 
 
GO 
accession 
Term 
Number 
in input 
Number 
in ref. 
pvalue FDR 
GO:0022900 electron transport chain 55 135 1.10E21 3.70E19 
GO:0022904 respiratory electron transport chain 40 78 6.90E19 1.20E16 
GO:0045333 cellular respiration 43 111 1.20E16 1.40E14 
GO:0006091 
generation of precursor metabolites 
and energy 
88 487 4.70E14 4.10E12 
GO:0015980 
energy derivation by oxidation of 
organic compounds 
43 140 9.9E-14 6.80E12 
GO:0006119 oxidative phosphorylation 47 173 3.10E13 1.80E11 
GO:0042773 
ATP synthesis coupled electron 
transport 
28 59 5.20E13 2.60E11 
GO:0008152 metabolic process 1089 13504 3.70E12 1.60E10 
GO:0055114 oxidation reduction 213 1881 1.80E11 6.90E10 
GO:0006412 translation 142 1213 8.60E09 3.00E07 
GO:0019684 photosynthesis, light reaction 16 40 3.20E07 9.90E06 
GO:0017004 cytochrome complex assembly 14 33 9.90E07 2.60E05 
GO:0015979 photosynthesis 27 121 9.40E07 2.60E05 
GO:0009767 
photosynthetic electron transport 
chain 
13 33 4.60E06 0.00011 
GO:0006461 protein complex assembly 55 396 5.10E06 0.00011 
GO:0070271 protein complex biogenesis 55 396 5.10E06 0.00011 
GO:0019953 sexual reproduction 18 77 3.50E05 0.0007 
GO:0044237 cellular metabolic process 752 9649 6.70E05 0.0013 
GO:0000003 reproduction 26 151 7.90E05 0.0014 
GO:0010467 gene expression 343 4065 0.00011 0.0019 
GO:0043623 cellular protein complex assembly 26 156 0.00013 0.0021 
GO:0071704 organic substance metabolic process 10 29 0.00014 0.0021 
GO:0015977 carbon fixation 10 29 0.00014 0.0021 
GO:0015886 heme transport 9 24 0.00018 0.0025 
GO:0051181 cofactor transport 9 24 0.00018 0.0025 
GO:0051259 protein oligomerization 22 128 0.00028 0.0035 
GO:0051260 protein homooligomerization 22 128 0.00028 0.0035 
GO:0044085 cellular component biogenesis 75 697 0.00032 0.0039 
GO:0015992 proton transport 23 143 0.00047 0.0051 
GO:0022607 cellular component assembly 67 613 0.00044 0.0051 
GO:0071669 
plant-type cell wall organization or 
biogenesis 
13 57 0.0005 0.0051 
GO:0006818 hydrogen transport 23 143 0.00047 0.0051 
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Table 17. (cont.) 
 
GO 
accession 
Term 
Number 
in input 
Number 
in ref. 
pvalue FDR 
GO:0009664 plant-type cell wall organization 13 57 0.0005 0.0051 
GO:0065003 macromolecular complex assembly 65 593 0.0005 0.0051 
GO:0071554 cell wall organization or biogenesis 32 233 0.00053 0.0052 
GO:0016310 phosphorylation 168 1871 0.00071 0.0068 
GO:0009987 cellular process 925 12319 0.00079 0.0073 
GO:0015985 
energy coupled proton transport, 
down electrochemical gradient 
19 114 0.00097 0.0083 
GO:0015986 
ATP synthesis coupled proton 
transport 
19 114 0.00097 0.0083 
GO:0008535 
respiratory chain complex IV 
assembly 
5 8 0.00095 0.0083 
GO:0043933 
macromolecular complex subunit 
organization 
66 623 0.001 0.0085 
GO:0009059 macromolecule biosynthetic process 337 4122 0.001 0.0085 
GO:0034220 ion transmembrane transport 19 116 0.0012 0.0091 
GO:0034645 
cellular macromolecule biosynthetic 
process 
336 4117 0.0012 0.0091 
GO:0009058 biosynthetic process 426 5353 0.0014 0.01 
GO:0051704 multi-organism process 21 143 0.0022 0.016 
GO:0044249 cellular biosynthetic process 406 5122 0.0024 0.017 
GO:0042219 
cellular amino acid derivative 
catabolic process 
6 17 0.0029 0.02 
GO:0019538 protein metabolic process 377 4759 0.0037 0.026 
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Table 18. Pattern of variation for genes in R-gene dense chromosome 10 CNV region. Displayed is breakdown of genes 
included in the large PAV event shown in previous figures. The numbers shown indicate downCNV calls, while the dashes 
indicate values that were above the cutoff threshold of 0.25.  
 
 
Gene Annotation Chr Start Stop B73 DAS1 DAS2 LH82 PH207 PHG35 PHG39 PHG47 PHG84 PHJ40
GRMZM2G069382 Uncharacterized protein  10 3,569,035 3,587,751 0.98 0.20 - 0.24 0.16 0.15 0.14 0.18 0.17 -
GRMZM2G083258 Uncharacterized protein  10 3,646,298 3,647,374 0.89 0.09 - - 0.13 0.25 0.01 0.17 0.13 -
GRMZM2G143769 Uncharacterized protein  10 3,684,166 3,685,815 0.84 0.06 - 0.23 0.07 0.00 0.01 0.07 0.01 -
GRMZM2G443939 Uncharacterized protein  10 3,698,044 3,703,030 1.04 0.22 - - 0.21 0.14 0.13 0.17 0.16 -
GRMZM2G003625 Rust resistance-like protein RP1-410 3,846,478 3,851,179 1.01 - - - - - - - - -
GRMZM2G061742 Rust resistance protein Rp1-dp3  10 3,904,402 3,908,700 0.99 - - - - - - - - -
GRMZM2G005134 Uncharacterized protein  10 3,980,743 3,986,963 0.92 0.00 - - 0.10 0.00 0.00 0.00 0.00 0.00
Putative R-genes on Chr 10 PAV Region
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FIGURES 
 
Figure 1: Flowchart depicting the basic bioinformatic process involved from the initial 
alignment to identification of putative R-genes and CNVs.  
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Figure 2. Visualization of GRMZM5G819919 genic region (10:2842742-28461270). The blue waves represent read density 
along the stretch of chromosome 10, where the gene model, GRMZM5G819919, is located. Compared to the read density of 
B73, PH207 appears to have extra copies of this particular gene, while J40 appears to be missing a portion of the gene. 
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Figure 3. Depiction of GRMZM5G819919 region in CNVnator output. Below is the CNVnator based read depth ratios for 
PH207, PHJ40, and B73.  Although this region was not called a CNV by CNVnator , these graphs seem to support the notion of 
upCNV in PH207 and downCNV in J40. Note: The PH207 histogram has an elevated y-axis compared to the others.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
PH207; RD = 2.26 PHJ40; RD = 0.054 
B73; RD = 0.92 
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Figure 4. Example of CNV validation using the PH207 de novo assembly. The blue block represents the gene model, 
GRMZM2G143769 (10:3684166-3685815), while the green stripe on the track below indicates that this gene model is located 
in a CNV region. The grey blocks above represent the PH207 reads aligning to the B73 genome.  The various colors indicate 
discordant pair-ends. The lack of reads aligning to this region indicates that PH207 has fewer copies of this gene than B73. 
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Figure 5. Additional example of CNV call with PH207 de novo assembly. The first blue block represents the gene model, 
GRMZM2G098677 (10:97315266-97319525). The bolder areas indicate exonic regions. The second block indicates that this 
gene is absent in PH207. The track below is simply another depiction of the gene model from a different annotation. The grey 
blocks above represent the PH207 reads aligning to the B73 genome. 
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Figure 6. Example of CNV segregation. Depicted is the ratio of sequences across a region that includes, GRMZM2G098677, 
which is represented by the blue block on the bottom track. The bolder areas of the block indicate exonic regions. From visual 
comparison it is clear that PH207, LH82, PHG47, and PHG35 appear to be missing this gene.   
 
 
  
 62 
Figure 7. Allele separation example. Depicted is the region of chromosome 10 where GRMZM2G098677 is found. The colored 
bars represent different haplotypes. These were produced using SNP genotypic performed concurrently with this analysis.  It 
appears three of the four inbreds (PHG47, PH207, and LH82) missing GRMZM2G098677 share the same haplotype. Since these 
inbreds share a common lineage, I believe that this region was inherited through identity-by-descent. 
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Figure 8. Depiction of read depths for various inbreds at the large CNV region on chromosome 10. This image of the large CNV 
region is zoomed out to see the read depth distribution. It appears that B73 has increased read compared to the other inbreds. 
If one were to zoom-in on this region, the inbreds missing the gene would become clearer.  
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Figure 9.  Large CNV region encompassing multiple R-genes on chromosome 10 from PH207 de novo assembly.  The green bar 
shows a ~410kb region that appears to be absent from PH207. The blue bars on the surrounding tracks depict gene models 
that fall within this region. Similar to figure 8 the depiction is zoomed out to capture the entire CNV region, however one of the 
genes in this cluster, GRMZM2G143769, can be seen more closely in figure 4.  
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Figure 10. Depiction the upCNV in the genic region of GRMZM2G142680 (10:94965435-94969104). This gene is present in 
more copies in PH207 (RD=2.52), LH82 (RD=2.52), and PHG35 (RD=2.82). The blue waves represent read density.  
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Figure 11. Validation of upCNV call- GRMZM2G142680 on the PH207 de novo asembly. This gene has two additional copies of 
the gene downstream on chromosome 10 (10:133950597-133954003 and 10:134067690-134076710). The track with the 
blue blocks represents the gene model for GRMZM2G142680. Above the gene model track are the aligned scaffolds that 
indicate three copies of the gene are present. The top track depicts the short read alignment and coverage in this region.  
 
 
  
 67 
Figure 12. Example of upCNV. Displayed is the region where the gene model, GRMZM2G076474 (2:113360426-113363678), 
is located. From the read depth ratios, a likely upCNV in both LH82 and PHG84 can be seen. This gene is believed to be a 
paralog of GRMZM2G142680. In the previous figure, the alignment of GRM2G076474 to GRMZM2G142680 is shown in the 
bottom track. 
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